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Abstract
We present an agent-based model (ABM) to simulate a hepatic inflammatory response
(HIR) in a mouse infected by Salmonella that sometimes progressed to problematic propor-
tions, known as “sepsis”. Based on over 200 published studies, this ABM describes interac-
tions among 21 cells or cytokines and incorporates 226 experimental data sets and/or data
estimates from those reports to simulate a mouse HIR in silico. Our simulated results repro-
duced dynamic patterns of HIR reported in the literature. As shown in vivo, our model also
demonstrated that sepsis was highly related to the initial Salmonella dose and the presence
of components of the adaptive immune system. We determined that high mobility group
box-1, C-reactive protein, and the interleukin-10: tumor necrosis factor-α ratio, and CD4+ T
cell: CD8+ T cell ratio, all recognized as biomarkers during HIR, significantly correlated with
outcomes of HIR. During therapy-directed silico simulations, our results demonstrated that
anti-agent intervention impacted the survival rates of septic individuals in a time-dependent
manner. By specifying the infected species, source of infection, and site of infection, this
ABM enabled us to reproduce the kinetics of several essential indicators during a HIR,
observe distinct dynamic patterns that are manifested during HIR, and allowed us to test
proposed therapy-directed treatments. Although limitation still exists, this ABM is a step for-
ward because it links underlying biological processes to computational simulation and was
validated through a series of comparisons between the simulated results and experimental
studies.
1. Introduction
Sepsis is initially activated by the presence and growth of pathogens in an organism. Under
normal healthy circumstances, intruding pathogens are eliminated by the activation of immune
cells, such as tissue macrophages and activated neutrophils, in the immune system [1, 2]. If an
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overwhelming immune response occurs, an unbalanced response between immune cells and
cytokines may lead to unexpected harmful outcomes for patients, resulting in sepsis. In clinics,
sepsis is defined as a potentially life-threatening complication of disease accompanied by
symptoms such as high fevers, elevated heart rate, and altered mental status. If sepsis progresses
to severe sepsis or septic shock, organ dysfunction occurs, leading to a high chance of death
[3].
Severe sepsis and septic shock during an infection are the major causes of death in intensive
care settings [4]. An average of 250,000 deaths per year in the United States (US) are caused by
sepsis [5]. Among patients in intensive care units (ICUs), sepsis ranks as the second highest
cause of mortality [6] and the 10th leading cause of death overall in the US [7]. An average of
750,000 sepsis cases occur annually, and this number continues to increase [6]. Care of patients
with sepsis can cost as much as $60,000 per patient, resulting in a significant healthcare burden
of nearly $17 billion annually in the US [8, 9]. Sepsis in a hospitalized patient can lead to
extended hospital stays and subsequently increase financial burdens. Cross and Opal [10] dis-
cussed the lack of rapid, reliable assays available to identify the stage or severity of sepsis and to
monitor the use of immunomodulatory therapy. Such assays are unavailable because of the
complexity of the inflammatory response and the unpredictable nature of septic shock in indi-
vidual patients; consequently increasing the difficulty of monitoring single or multiple compo-
nents of inflammation with specific supportive therapies [10, 11].
A significant past focus on modeling immune responses during sepsis has emerged in an
effort to explore the complicated dynamic presentation of cells, tissues, and cytokines during
infection. In 2004, Kumar et al. [12] presented a simplified 3-equation system dynamics mathe-
matical model (SDMM) to describe mathematical relationships between pathogen, early pro-
inflammatory mediators, and late pro-inflammatory mediators in sepsis progression. In 2006,
Reynolds et al. [13] proposed a mathematical model for acute inflammatory response (AIR)
that included a time-dependent, anti-inflammatory response in order to provide insights into a
variety of clinically relevant scenarios associated with inflammatory response to infection.
Using a series of known and hypothesized kinetics of biological system components from the
literature, mathematical models describe infectious disease processes by measuring steady
states of various components in the immune system [14]. Unfortunately, these models fail to
capture heterogeneous information of various components in the simulations and fail to
account for deviations from various components’ aggregated behaviors [15].
The agent-based model (ABM), a powerful computational modeling technique, simulates
complex nonlinear relationships between components and intuitively maps a realistic biologi-
cal system by incorporating spatial effects and the stochastic nature of the immune response
into model construction [16, 17]. One key element of ABM includes agents, a collection of
decision-making entities classified into types based on components described in the real-world
system. Each type of agent executes behaviors that can mimic the system they represent when
aggregated. Implementation of a predefined set of rules allows agents to move in a designed
direction and arbitrarily interact with other agents in a spatial environment. Agent behaviors
are updated in various locations according to update rules executed at discrete time steps.
ABM inherently captures repetitive spatial interactions between agents in a stochastic process
or under a known probability distribution, making it a powerful tool to render valuable infor-
mation and simulate a biological system. Implementation of ABM requires well-established
technology that relies on computers to explore dynamics beyond the reach of pure mathemati-
cal methods [18, 19]. The inherent nature of computational structure allows ABM to be effi-
ciently implemented on parallel computers [20].
An and his collaborators [21–23] developed a series of agent-based models to simulate
behaviors of cells and cytokines in both the innate and adaptive immune system of a
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generalized inflammatory response. In 2011, Wu et al. [24] proposed an integrated ABM
embedded with a mathematical model to simulate AIR progression at the interface between
blood vessels and cells within a hypothetical generalized organ. Recently, Dutta-Moscato et al.
[25] proposed a multi-scale agent-based silicomodel of liver fibrosis using an ABM to simulate
an HIR. In addition to modeling interactions between cells, Dong et al. [26] proposed an ABM
framework to model intracellular dynamics of the NF-kB signaling cascade, illustrating subse-
quent intercellular interactions among macrophages and T-helper cells through the up-regula-
tion of inflammatory mediators. Their approach explored hypothetical scenarios of AIR and
potentially improved the understanding of molecular behaviors that could develop and expand
to emergent behavior of the entire AIR system. In addition to these related work, there are
studies that presented the application of agent-based models to simulate various types of dis-
ease progression [27–30].
Existing ABMs provide evidence that agent-based modeling is a valid approach for simulat-
ing disease progression [21, 22, 24–26]. In this study, we proposed an integrated-mathemati-
cal-multi-agent-based model (IMMABM) to simulate mouse HIR caused by Salmonella at the
tissue level. By specifying the infected species, source of infection, and site of infection, the
scope of the IMMABM allowed us to improve modeling approach accuracy without loss of
generality. This IMMABM required that each interaction incorporated into the model was
based on actual data from observations made during experimental infections in vivo or mea-
surements made ex vivo or in vitro, thereby resulting in an incorporation of 226 experimental
data from 210 publications related to mouse hepatic inflammation induced by Salmonella.
When data were not available, we extrapolated from related Gram-negative bacteria or other
pathogens, keeping in mind that fidelity to actual Salmonella infections was necessary. There-
fore, we summarized interactions among cells, tissues, and cytokines during mouse HIR and
we calibrated quantitative changes in the HIR with experimental data and necessary mathemat-
ical expressions for agent modeling. We attempted to calibrate variables based on unit relation-
ships observed in the experimental systems. A key objective of our IMMABM was to
incorporate available experimental data into the computational simulation.
Simulated results from IMMABM showed that four distinct dynamic patterns emerge dur-
ing mouse HIR: a healing response, persistent infection, a hyperinflammatory response, and
organ dysfunction. Emerging simulations were verified through a pattern-oriented analysis
found in available mouse experimental studies. Furthermore, simulated results from IMMABM
determined that expression of high mobility group protein 1 (HMGB-1), C-reactive protein
(CRP), interleukin 10 (IL-10): Tumor necrosis factor alpha (TNF-α) ratio, and the CD4+ T
cell: CD8+ T cell ratio are highly correlated with the outcomes of mouse HIR. We also corre-
lated mouse HIR to the initial Salmonella challenge level during IMMABM simulation. Most
importantly, we observed that the survival rates during HIR are dependent on the time of
administering antimicrobial or anti-cytokines (anti-TNF-α and/or anti-HMGB-1) treatments.
2. Materials and Methods
2.1 Simulation environment of the IMMABM for HIR
This IMMABM attempted to simulate a Salmonella infection in the mouse liver. The liver,
enriched with resident tissue macrophages (Kupffer Cells), is recognized as a key organ of the
immune system that is vital for elimination of a Salmonella infection [31, 32]. We chose Salmo-
nella as a “targeted” pathogen strain because it is responsible for millions of deaths in develop-
ing countries every year [33]. Furthermore, immune responses to Salmonella infections have
been investigated extensively [34–39]. Therefore, an abundance of data is available for accurate
incorporation of relationships among variables (agents) in order to support our IMMABM.
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2.2 Software platform
We used NetLogo 5.1.0 [40], a platform with a simplified programming environment, easily
implemented tool sets, and well-established documentation support, in order to implement the
IMMABM [41]. The primary user interface of NetLogo is comprised of two-dimensional (2D)
grids, and agents can be divided into two categories: “patches” and “turtles.” "Patches" are fixed
agents placed on background grids in the model workspace. “Turtles” are mobile agents that
occupy a position or move freely on the surface of patches and execute certain functions or
actions regulated by the simulated system. NetLogo also applies a class called “breed” to define
agent types with similar behaviors or types that are controlled by the same mechanism. The
concept of “breed” allows the modeler to define a class of agents with a set of common state
variables and establish various functions or actions (autonomous behaviors) for agent types.
The interface of NetLogo allows the modeler to set initial parameters and observe simulation
results.
2.3 Simulation initial setting
We generated a 401 × 401 2D grid in NetLogo as the simulation interface, designed to simulate
a 2D projection of a mouse liver. We focused on the cellular interactions between liver sinusoid
and hepatocytes in mouse. The interface of cellular interactions is comprised of five main com-
partments: liver sinusoid, sinusoid endothelial cells (SECs), the space of Disse, the site of hepa-
tocytes, and portal triad (Fig 1A) [42]. The Portal triad is a complex area including the hepatic
artery, portal vein, and bile duct [42]. Blood flows from the portal triad area to the liver sinu-
soid, which carries blood-borne pathogens (i.e. Salmonella) to the site of hepatocytes. Hepato-
cytes are separated from the liver sinusoid by the space of Disse and sinusoid endothelial cells
[42]. Kupffer Cells are distributed along sinusoid endothelial cells, and are able to ingest and
kill the blood-borne Salmonella [43]. To mimic this liver structure, we divided the entire inter-
face of NetLogo into five regions to represent the liver sinusoid, SECs, the space of Disse, the
site of hepatocytes, and portal triad in the liver [43]. In the silico simulated environment, the
Fig 1. A comparision between liver structure in mouse and simulated liver structure in NetLogo at simulation step equal to 0. (A)
Diagrams of 2D liver structure in mouse. (B) Simulated area of the HIR in the NetLogo interface at simulation step equal to 0.
doi:10.1371/journal.pone.0161131.g001
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probabilities that different agents (cells, cytokines) interact are more important than the actual
physical morphology, which in vivo determines how these agents will interact. The choice of
agents is directly comparable to the cell types and tissue organization formed in the liver.
Therefore, the NetLogo setup is appropriate for this model. The initialized interface of NetLogo
is shown in Fig 1B. Kupffer Cell numbers are approximately one-fourth the number of hepato-
cytes in the liver [42]. SEC numbers are approximately one-third the number of hepatocytes,
and approximately one-eighth the number of mast cells exist compared to the number of hepa-
tocytes [42, 44]. The initial number of hepatocytes was determined by an automated process of
filling the region with hepatocytes in a 401 × 401 2D grid. For simulation size presented in this
paper, the number of hepatocytes was initialized to 80,200. Considering the numeric propor-
tion between hepatocytes, Kupffer Cells, SECs, and mast cells, we set the initial number of
Kupffer Cells to 20,160, SECs to 26,466, and mast cells to 10,426. Detailed information on the
initialization process of the IMMABM is provided in S1 Table.
2.4 Process of IMMABM development
IMMABM was developed as an agent-oriented computer program to describe agent rules and
behaviors. Each agent type was defined as “breed” in NetLogo, and each “breed” in IMMABM
had specific state variables. By assigning various values to the state variables, the agents were
regulated to execute a series of functions based on various locations and environmental inter-
faces. Interactions between agents were highly stochastic, and we incorporated mathematical
expressions such as logistic growth functions, mass-action kinetics, Michaelis-Menten kinetics,
and decay functions to quantitatively measure complicated biological processes. Furthermore,
the process of writing computer codes strictly followed conditional statement “if-then” rules.
Those rules conformed to biological mechanisms of HIR.
The primary objective of our IMMABM was to incorporate available experimental data into
the computational simulation. Data such as infiltration time of immune cells, replication rate
of Salmonella, and degradation rate of associated mediators allowed us to advance the ABM
application by mapping biological processes that occur during HIR to our IMMABM. By inte-
grating experimental data and mathematical expressions derived from hypothesized kinetics,
we attempted to quantitatively simulate dynamic patterns of HIR. In addition, a global variable
defined as “Infection Time” in IMMABM reflected simulation execution time and mimicked
kinetic associations between a series of responses. In our simulation, 1 tick (representing 1 sim-
ulation step in the simulation software) represented 1 hr in an actual biological process, and
numeric counts of an agent were updated per tick to correspond to the biological response
time in the experiments.
Incorporation of data from 210 publications and our experience with Salmonella infections
and infectious disease processes motivated us to select a total of 23 essential cells and cytokines
as agent types in this IMMABM. In this paper, we use italic format to highlight agent type for
convenience. Each agent type, further defined as “breed”, could contain multiple entities.
Among the 23 types of agent, we defined 20 primary agent types: Hepatocyte,Hepatocyte
Debris, Kupffer Cell, Salmonella,Mast Cell, Resting Neutrophil, Activated Neutrophil, Resting
Monocyte,MDMI (monocyte-derived type 1 macrophage),MDMII (monocyte-derived type 2
macrophage), TNF-α (tumor necrosis factor-α), HMGB-1 (high mobility group box-1), IL-10
(interleukin-10), CD4 T Cell, CD8 T Cell, B Cell, Antibody, CRP (C-reactive protein), NET (neu-
trophil extracellular traps), and Histamine. We also defined three auxiliary agent types: SEC
(sinusoidal endothelial cell), Signal, or Anti-Signal. The rule system for these agents was based
on the literature. A sequence of interactions among primary agents and primary agent behav-
iors during interactions are introduced in Section 2.4.1.
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2.4.1 Primary agent behaviors. Salmonella, a “trigger” to begin HIR, was the first agent to
move and interact with Kupffer Cells, thereby initializing HIR. The percentage of Salmonella
killed by Kupffer Cells was set from 15% to 16% of the total Salmonella population per hour
because 90% to 95% of Salmonella were phagocytosed (engulfed) by Kupffer Cells in 6 hrs [45].
Salmonella that survived in Kupffer Cells turned Kupffer Cells into an “apoptotic” state and
“proliferated” within Kupffer Cells [46, 47]. “Die” in Netlogo occurs when an agent in the simu-
lation is forced to disappear, but “proliferate” is defined as new agent generation in the simula-
tion. State variables associated with agent type were used to define various states of individual
agents. Implementation of state variables is introduced in section 2.4.3. The maximum number
of Salmonella that “proliferate” within one Kupffer Cell was limited to 50 [31]. The newly gen-
erated Salmonella were released to liver tissue after “apoptotic” Kupffer Cells “died” between 6
and 14 hrs [46]. These released Salmonella were assigned to a state variable “SalmonellaNew-
lyReleasedFromKupfferCell” in order to express aborted interaction with Kupffer Cells and pre-
pare for “proliferation” in surrounding Hepatocytes or SECs [31, 48]. When Activated
Neutrophils orMDMIs were recruited to the site of infection, Neutrophils orMDMIs “killed”
Salmonella [45, 46, 49, 50]. Experimental data showed that every neutrophil phagocytized
approximately 3 to 13 Salmonella per hour, and everyMDMI phagocytized approximately 1 to
7 Salmonella per hour [51]. In addition to immune cells, CRP released fromHepatocytes and
Antibody released from B Cells also contributed to the “killing” of Salmonella [52–56].
Hepatocytes account for approximately 60% of the total number of cells in the liver [42]. In
our IMMABM, Hepatocytes were primary locations for Salmonella “proliferation”, and the
Hepatocytes become “apoptotic” once they interacted with Salmonella or TNF-α [32, 45, 48].
“Apoptotic”Hepatocytes released acute stress proteins such as CRP, or cytokines such as TNF-
α, andHMGB-1 [52, 53, 57, 58]. In addition, “Apoptotic” Hepatocytes could undergo a natural
aging process or interact with infiltrating Activated Neutrophils [59–61]. “Apoptotic” Hepato-
cytes that interacted with Activated Neutrophils “died” immediately and released their inter-
acted Salmonella to the liver tissue [45]. Alternatively, “Apoptotic” Hepatocytes underwent
natural aging and became Hepatocyte Debris after 2 or 3 hrs [62]. In addition to death, Hepato-
cyte was also regenerated at a rate of 1.32×10−3 to 6.80×10−3 per hour to simulate proliferation
ofHepatocyte in a mouse’s liver [63].
We modeled five primary phagocytic cells in our IMMABM, including Kupffer Cell,Mast
Cell, Activated Neutrophil,MDMI, andMDMII. Kupffer Cells reside principally within the
lumen of liver sinusoids, adherent to SECs that comprise blood vessel walls [43]. The first
phagocytic cells that interacted with Salmonella in the liver [64–66] were Kupffer Cells that
killed approximately 90% to 95% of the Salmonella population in 6 hrs; however, 5% to 10% of
Kupffer Cells were killed by Salmonella during the same time period [45]. Kupffer Cells released
cytokines such as TNF-α which helped recruit other phagocytic cells such as Activated Neutro-
phils to the site of infection or incurs further damage to Hepatocytes [32, 67]. Kupffer Cells also
released IL-10. IL-10 represents anti-inflammatory cytokines in this model and is capable of
inhibiting the release of TNF-α. As typical phagocytic cells, Kupffer Cells “killed” various types
of cell debris such as hepatocyte debris (to represent their scavenging or “clean up” function),
Antibody-opsonized Salmonella, and CRP-opsonized cell debris [54, 55]. The apoptosis of
Kupffer Cells occurs at a rate of 4.20 ×10−3 to 3.20×10−2 per hour [68]. Replenishment of Kupf-
fer Cells came fromMDMIs andMDMIIs at a rate of 6.30×10−3 to 7.90×10−3 per hour [68].
Similar to Kupffer Cells, Activated neutrophils also “killed” Salmonella, Antibody-opsonized
Salmonella, CRP-opsonized cell debris, and released cytokines such as TNF-α or IL-10 [54, 55,
69, 70]. Biologically, Activated Neutrophils were recently recognized to release NETs to elimi-
nate Salmonella [71, 72]. Activated Neutrophils underwent natural aging or were “killed” by
Kupffer Cells [43]. “Apoptotic” Activated neutrophils underwent apoptosis, indicated by a state
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variable labeled “apoptotic.” The “apoptotic” Activated Neutrophils were killed byMDMIs [73].
MDMIs were activated fromMonocytes between 6 hrs to 24 hrs post-infection [74, 75]. The
activation level ofMonocytes was dependent on the existing number of Salmonella, TNF-α,
HMGB-1, “apoptotic” Activated neutrophil, CD4+ T cell, and CD8+ T cell. The activation
amount was calculated based on Michaelis-Menten kinetics, as discussed in Section 2.4.4.
Upon activation,Monocyte becameMDMI orMDMII [73].MDMI “killed” Salmonella and
released TNF-α [73], whileMDMII “killed” “apoptotic” Activated Neutrophils and released
HMGB-1 and IL-10 as mediators to resolve the inflammation [73, 76].MDMI andMDMII
helped activate T cell recruitment [77], and bothMDMI andMDMII released IL-10 when they
“killed” apoptotic CD4+ T Cell or CD8+ T Cell [78].
CD4+ T Cell, CD8+ T Cell, and B Cell occupied spaces in the portal triad [55, 79]. Activation
of CD4+ T Cell, CD8+ T Cell, or B Cell occurred whenMDMI orMDMII were detected [77], at
which point the activated CD4+ T Cell, CD8+ T Cell, or B Cellmoved from the portal triad to
the liver sinusoid [80]. CD4+ T Cell released TNF-α or IL-10 when they interacted with phago-
cytic cells interacting with Salmonella, and CD 4+ T Cell improved the phagocytic rate of
phagocytic cells [56]. CD8+ T Cell “killed” phagocytic cells that interacted with Salmonella [55,
56]. CD4+ T Cell and CD8+ T Cell underwent natural apoptosis, and both “apoptotic” CD4+ T
Cell and CD8+ T Cell were “killed” byMDMI orMDMII [78]. B Cell released Antibody to form
an Antibody-Salmonella complex, and the Antibody-Salmonella complex was killed by phago-
cytic cells, simulating opsonization [56]. The binding process is described in Section 2.4.2.
TNF-α,HMGB-1, and IL-10 are cytokines released from phagocytic cells. TNF-α was
released from Kupffer Cell,Mast Cell, “apoptotic” Activated Neutrophil,MDMI, andHepatocyte
[32, 43, 70, 73, 81–84]. TNF-α caused Hepatocyte to become “apoptotic” [32].HMGB-1 was
released fromMDMII and “apoptotic” Hepatocyte [85–87], and IL-10 was released from Acti-
vated Neutrophil,MDMII, and CD4 T Cell [69, 73, 81, 87–89]. IL-10 prevented secretion of
TNF-α, HMGB-1, and IL-10 from interacting with phagocytic cells or T cells [88, 90–94]. Pro-
cedurally, TNF-α, HMGB-1, and IL-10 “died” to reflect their clearance away from the simula-
tion. An overview of agent behaviors is provided in S1 Table.
2.4.2 Agent and agent complex movement. Agent movement in IMMABM was deter-
mined by agent behaviors described in S1 Table. For example, Resting Neutrophils or Resting
Monocytesmoving to SECs were driven by Signals released from cytokines or cells [56, 59, 67,
73, 85, 95–97]. When Signals appeared on SECs, Resting Neutrophils or Resting Monocytes
moved to SEC locations. Mass-action kinetics determined the number of moving Resting Neu-
trophils or Resting Monocytes, as described in Section 2.4.4. Biological interaction between two
agents occurred in IMMABM simulation if two agents occupied the same patch.
Salmonella that replicated within Kupffer Cells,MDMIs, SECs, and Hepatocytes [31, 46–48,
73] were released to nearby patches when infected cells “died”. Released Salmonella randomly
moved to the nearest Hepatocytes and damaged those Hepatocytes.
We used a “link” breed to model movements of the Antibody-Salmonella complex or CRP-
cell complexes because the two components of the complex need to move simultaneously. For
example, when an Antibody-Salmonella complex moved to one phagocytic cell, Antibody and
Salmonellamoved in the same direction for the same distance [55]. The Antibody-Salmonella
complex’s killing process using the phagocytic cell occurred when the distance between the
complex and the phagocytic cell was less than one patch-size.
2.4.3 State variable updates. Each agent type had its own state variables in the IMMABM.
By assigning various values to the state variables, the agents were regulated to execute a series
of functions based on locations and environment interfaces. During a simulation, some state
variable are fixed through the simulation, and others change as the simulation runs. The
change in values of state variables is based on the change of agent behaviors during the
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simulation. A detailed description of agent behaviors in vivo is provided in S2 Table. For exam-
ple, the value of some state variables was set to either 0 or 1, and the function of these state vari-
ables was similar to a switch: 0 represented “off”, and 1 represented “on”. If a state variable was
equal to 1, individual agents that had that state variable would express specific attributes or exe-
cute biological functions. For example, Kupffer Cell had a state variable named “kupfferCell-
BindToIL10”. The value of the state variable was equal to 1 when Kupffer Cell interacted with
IL-10, and individual Kupffer Cells that had the state variable “kupfferCellBindToIL10” equal
to 1 did not release TNF-α. Salmonella that proliferated within Kupffer Cell had a state variable
named “SalmonellaReplicateWithinKupfferCell” equal to 1; Salmonella that had “SalmonellaR-
eplicateWithinKupfferCell” equal to 1 generated new agents until the state variable “Salmonel-
laReplicateWithinKupfferCell” was reset to 0. Kupffer Cell was assigned to a state variable
named “kupfferCellKillBy Salmonella” equal to 1 when Kupffer Cells interacted with Salmonella
that had the state variable “SalmonellaReplicateWithinKupfferCell” equal to 1. Kupffer Cells
had the state variable “kupfferCellKillBy Salmonella” equal to 1 “die” after 6 simulation ticks,
and the state variable “SalmonellaReplicateWithinKupfferCell” of interacted Salmonella was
reset to 0. Resting neutrophil were activated in order to move to SECs in response to signaling
by TNF-α, HMGB-1, or Salmonella signaling, consequently becoming Activated neutrophil.
Activated neutrophilmoved to the “apoptotic” Hepatocytes with a state variable labeled “hepa-
tocyteUndergoApoptosis” equal to 1. “Apoptotic” Hepatocytes that interacted with Activated
neutrophils “died” immediately due to the killing process of “apoptotic”Hepatocyte by Acti-
vated neutrophil [49, 74]. A comprehensive description of agent rule updates is presented in
S1 Table.
2.4.4 Mathematical equations in programming. In order to calibrate quantitative
changes in agent number during HIR, we used a standard logistic function to measure cell pop-
ulation increases, Michaelis-Menten kinetics to calibrate cytokine release, mass-action kinetics
to calibrate the activation process of circulating neutrophils and monocytes, and a decay func-
tion to measure the natural process of apoptosis by cells or catabolism of cytokines.
For example, we calibrated the Salmonella population to increase using a standard logistic








In Eq (1), P represents the Salmonella count, Kpg represents a constant growth rate for Sal-
monella, and P1 represents maximum carrying capacity of the Salmonella. Growth rates and
carrying capacities of Salmonella varied when Salmonella replicated within various cells. Corre-
sponding experimental data is presented in S3 Table.
The activation process of circulating neutrophils was promoted by the pro-inflammatory
mediator TNF-α, Salmonella, and HMGB-1 [56, 59, 67, 85, 95]. We used a mass-action kinetics
equation [99] to calibrate the activation process of circulating neutrophils as follows:
dN
dt
¼ rNR T þ P þ Hð Þ ð2Þ
In Eq (2), N represents Activated Neutrophil count and NR represents Resting Neutrophil
count. T denotes concentration of TNF-α, P denotes concentration of Salmonella, and H
denotes concentration of HMGB-1.
The release of cytokines obeyed trafficking machinery, and cytokines were released via pro-
tein-protein interactions initiated by ligand binding to receptors [100, 101]. Therefore, we used
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In Eq (3), C represents cytokine count and Kmax represents the maximum production rate
of cytokines secretion by the cell. Cell denotes current numbers of the cell intending to release
the cytokine and Cellhalf denotes cell numbers when half the maximum production rate of the
cytokine was reached in the IMMABM.
Natural cell apoptosis or cytokine catabolism occurred at every tick; thus, we assumed that




In Eq (4), C represents cell or cytokine count and Kc represents a constant decay rate for
cells or cytokines.
2.4.5 Model calibration and parameter estimation. In addition to mathematical models,
we calibrated experimental data such as replication rates of cells, production rate of cytokines,
killing rates of Salmonella by phagocytic cells, activation rates of circulating neutrophils or
monocytes, and apoptotic rate of cells or catabolism of cytokines from existing experimental
studies. These data were incorporated into IMMABM as system parameters. We collected
experimental data from studies that were most similar to our simulation setting. We also esti-
mated parameters during simulation if data were not available from experimental studies. For
example, we estimated that the CRP-opsonized debris moved to inflammatory cells (e.g. Kupf-
fer Cell, mast cell, neutrophils, MDMI, and MDMII) with an equal chance of 0.2. An overview
of estimated experimental data is provided in S3 Table.
In order to smoothly translate estimated experimental data to agent-based modeling, we
made corresponding assumptions in terms of data estimation. In general, we assume the
change in rate is constant because we observed changes in data of interests in most of experi-
mental studies following linear curves. Some experimental data is comprised of multiple linear
segments, and therefore we calibrated rates for each linear segment to measure various rates
for multiple responding time periods. These multiple rates are explained in S3 Table. The
release/secretion rates of various cytokines (TNF-α, HMGB-1 and IL-10) by inflammatory
cells such as neutrophils, Kupffer Cells and monocyte-derived-macrophages are described as a
function of time, by possibly incorporating the effect of decay/catabolism. Experimental data
are integrated into our agent-based model as inputs by ignoring different experimental condi-
tions/settings such as different initial loads of bacteria injection, different bacteria strains, dif-
ferent animal models, etc. This limitation could be reduced by additional experiments done
under the same experimental conditions/settings. It was not possible to extrapolate the data for
our agent-based model from one simple experimental model. The strategy we used was to
focus on mouse Salmonella infection studies that were published in papers available in the
NCBI. When necessary, we used data from broader systems such as Gram-negative infections
(i.e. E. coli) or even Gram-positive bacterial infections. Therefore, we are aware that some of
these assumptions may not be correct.
In IMMABM, we used agent count to represent cell number with the awareness that cyto-
kine production rate has a unique experimental unit compared to cell number. Thereby, cyto-
kine production rate had to be transformed into an agent number in order to make the
experimental data consistent in IMMABM. Therefore, we used one agent count to represent
one real experimental unit. For example, we estimated that one phagocytic cell can bind
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1.23×10−17 g IL-10 from experimental data [103]. Therefore, we used one IL-10 agent count to
represent 1.23×10−17 g IL-10 in real experiments. Similarly, 1.25×10−11 g CRP could bind to
one phagocytic cell based on our calibration [104]. Thus, we used one CRP agent count to rep-
resent 1.25×10−11 g CRP in real experiments. Data showed that 2.82×10−17 g TNF-α damaged
one hepatocyte per hour [105], so we used one TNF-α agent count to represent 2.82×10−17 g
TNF-α in order to transform experimental units into the agent count. Unfortunately, however,
NET structure is fragile, thereby making it difficult to quantify NETs in experiments [106]. The
rate at which NETs kill Salmonella was also difficult to establish [107]. Therefore, since neutro-
phil elastase (NE) is required for NET formation and NE is an essential component of NET




Results are expressed as mean ± standard error (SE). Data normality was checked using both
histogram and quantile-quantile (Q-Q) plot. For normally distributed data, group comparisons
were performed using one-way analysis of variance (ANOVA). For non-normally distributed
data, Mann-Whitney U tests were conducted to compare groups. All tests were performed
using R 3.1.2. [108]. A P< 0.05 was considered statistically significant at the significance level
α = 0.05.
3.2 Change in selected indicator levels observed under various
Salmonella loads
The IMMABM generated quantitative results by running simulations with various initial Sal-
monella counts (equivalent to infection dose). The input data, converted as described to mathe-
matical expressions and incorporated into the computer code, assembled cellular and
molecular variables in order to generate a hypothetical immune response. Clinical and experi-
mental data showed that the risk of patients dying from sepsis is significantly correlated to the
initial dose of pathogen [109, 110]. Therefore, we hypothesized that HIR would have a higher
likelihood of progressing to septic shock and death if the infection was initially high. To test
this hypothesis, the IMMABM in silico simulations were carried out using Salmonella doses of
200 counts, 600 counts, 800 counts, and 1200 counts, and 100 replicated runs for each pro-
posed Salmonella dose to explore the possible stochastic nature of the model. Results from
these simulations were initially generated to identify dynamic patterns of indicators in HIR
with various initial Salmonella doses, as shown in Fig 2.
One significant finding from the simulations was that outcomes of HIR were highly corre-
lated to initial Salmonella “counts” (the in silico equivalent to colony forming units, CFU,
although there is not a 1:1 correlation between counts and CFU). We observed that Salmonella
counts, phagocytic cell (MDMI andMDMII) counts, and pro- and anti-inflammatory cytokine
(TNF-α,HMGB-1 and IL-10) counts increased as Salmonella infection (load) increased.
Specifically, the number of phagocytic cells and the concentration of inflammatory cytokines
significantly increased (based on one-way ANOVA tests with significance level α = 0.05 and
P< 0.05) when Salmonella infection (load) increased from 800 counts to 1200 counts. A signif-
icant decrease (based on one-way ANOVA tests with significance level α = 0.05 and P< 0.05)
in hepatocyte counts was also observed when Salmonella infection (load) increased from 800
counts to 1200 counts. The dose-response hypothesis test initially indicated that the HIR was
correlated to Salmonella infection, which was consistent with experimental outcomes [109].
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Fig 2. Response of different variables (agents) over the first 24 hrs after Salmonella infection (load) of
200 counts, 600 counts, 800 counts, and 1200 counts.Mean counts of indicators were measured at each
simulation time point (replications = 100).
doi:10.1371/journal.pone.0161131.g002
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3.3 Dynamic patterns of HIR resulting from Salmonella infection
We found four identifiable patterns in simulated HIR. Corresponding changes in the interface
of NetLogo simulation were captured. The simulated results and changes in the interface of
NetLogo are shown in Figs 3–11.
When the initial infection with Salmonella was 200 counts, the number ofHepatocyte Debris
and CRP increased for the first 18 hrs of simulation but then progressively decreased to 0, dem-
onstrating no additional pathology at later stages of the simulation. The Salmonella counts,
Activated Neutrophil, NET, TNF-α,HMGB-1,MDMI, andMDMII levels in the simulation
sharply increased at the beginning of the infection but progressively decreased as the infection
progressed. We inferred that this combination of variables is similar to a host curing an infec-
tion, so we referred to it as a healing process (Fig 3). We detected that a small number of hepa-
tocytes (less than 0.3% of total hepatocyte counts) were damaged at simulation step 15 (Fig
3B). We also found that only a few neutrophils and monocytes (less than 200 cell counts) were
activated when the initial Salmonella infection was 200. Ultimately, damaged hepatocytes were
replaced with new (healthy) hepatocytes as the simulation proceeded (Fig 4).
Experimental studies in mice have shown early expression of pro-inflammatory cytokines
in response to Salmonella infection [111]. A comparison of the peak level ofHMGB-1 to the
peak level of TNF-α reveals that the peak level ofHMGB-1 is higher and that the time required
to reach maximum concentrations of TNF-α was less than the time required for HMGB-1
(average of 9 hrs versus 24 hrs post infection) [82, 112, 113]. Our simulated results recapitu-
lated this TNF-α and HMGB-1 pattern. We found that the peak level of TNF-α ranged from
1.40 × 10−3 to 2.64 × 10-3pg. Because we modeled liver dimensions based on the model size
(401 × 401 2-D grid), we assumed that TNF-α secretion was proportional to the model size and
that intensity of TNF-α secretion was proportional to the initial challenge of Salmonella dose.
Under those two assumptions, this response paralleled TNF-α levels (160 to 210 pg) found in a
mouse model responding to 107 CFU Escherichia coli (a medium dose) [31, 82]. Similarly, the
kinetics and amounts of secreted HMGB-1 correlated with the peak level of an HMGB-1
response seen in experimental observations if model size was taken into account [112]. We
observed that the increase inHMGB-1 levels began later in our model compared to production
kinetics observed in in vitro stimulation assays [112], However, kinetics of our model were con-
sistent with the delayed contribution HMGB-1 is proposed to have during sepsis [114].
Recruitment of monocytes to the liver rose sharply around 24 hrs after infection in our
model, which is consistent to approximately 1 day in an actual experimental system [115].
There was approximately a 50% Salmonella decrease within 6 hrs after initiation of HIR (Fig
3A), paralleling kinetics previously observed in mice [116]. During actual infections, the
decrease in bacterial load correlated with the influx of neutrophils [116]. We observed a similar
trend in the simulation (Fig 4). We used CRP levels andHepatocyte Debris to reflect the level of
tissue damage that occurred after infection. CRP is released by the liver in response to stress,
infection, and/or damage [52, 54, 117], and the debris simulates dead and dying hepatocytes.
Our simulated results showed that CRP rose initially after infection, but CRP concentration fell
sharply after the infection was cured as part of the “Healing Response”. A similar pattern of
CRP concentrations was identified in healthy patients infected by bacteria in clinical cases
[118].
In some simulation replications, when the initial Salmonella infection was 600, the outcome
more closely resembled a persistent infection, defined as the state in which Hepatocyte Debris,
CRP, and Salmonella levels initially declined but subsequently increased to much higher levels
before the infection was resolved at approximately 90 hrs. (Fig 5). Under this condition, Acti-
vated Neutrophil numbers declined along with the decline in bacterial numbers and NET values
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did not return to baseline for approximately 50 more hrs. We also observed oscillations in lev-
els of cytokine mediators TNF-α and HMGB-1 as the infection was resolved (Fig 5). Moreover,
this resolution correlated with oscillating Salmonella numbers during the waning 25 to 60 hrs
Fig 3. Healing response after Salmonella infection (load) of 200. (Mean counts ± SE) of indicators were
measured at each simulation time point (replications = 100).
doi:10.1371/journal.pone.0161131.g003
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Fig 4. Examples of the NetLogo interface at selected time points (5–240 hrs) after infection with 200
Salmonella. Note: 1 step is equivalent to 1 hr. post infection.
doi:10.1371/journal.pone.0161131.g004
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of the infection. Others have observed oscillatory patterns in host responses to other types of
bacteria in mouse infections [119]. Therefore, we were reassured that the simulation captured
the essence of a real infection. The CRP pattern during persistent infection (Fig 6) was signifi-
cantly distinct from the CRP pattern observed in the healing response (Fig 3). As shown in Fig
Fig 5. Persistent infection after Salmonella infection (load) of 600.Counts of different variables (agents) were
measured at each simulation time point of one selected simulation.
doi:10.1371/journal.pone.0161131.g005
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6, the CRP level rose initially after the infection and waxed and waned for another 2 to 3 days.
On the 4th day after infection, CRP levels diminished sharply and damaged hepatocytes began
their recovery, similar to the CRP pattern reported in a clinical study [118].
Fig 6. Persistent infection after Salmonella infection (load) of 600. (Mean counts ± SE) of different variables
(agents) were measured at each simulation time point (replications = 10).
doi:10.1371/journal.pone.0161131.g006
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Fig 7. Examples of the NetLogo interface at selected time points (10–240 hrs) after infection with 600
Salmonella. Note: 1 step is equivalent to 1 hr. post infection.
doi:10.1371/journal.pone.0161131.g007
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Detectable hepatocyte damage began at simulation step 10 (10 hrs post infection), and a sig-
nificant increase in hepatocyte damage was observed beginning at stimulation step 15 (15 hrs
post infection). Hepatocyte damage was persistently observed for 7 days. As the persistent
infection proceeded, a large area of hepatocyte damage, which would translate to liver damage
Fig 8. Hyperinflammatory response after Salmonella infection (load) of 800. (Mean counts ± SE) of indicators
were measured at each simulation time point (replications = 10).
doi:10.1371/journal.pone.0161131.g008
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in an animal model, was observed (Fig 7). Our simulated results paralleled hepatocyte damage
seen in vivo after experimental infections where recovery (or “healing”) of hepatocytes was
detected after 7 days and continued for approximately 30 days [120]. These data are consistent
with the idea that a persistent infection will induce a higher mortality rate compared to a heal-
ing response because acute tissue damage is more detrimental to the host (Fig 6B). Remarkably,
we observed that oscillations in agent counts were damped when calculated mean values of the
agent counts for simulation replications (Fig 6). The oscillations we observed in a single simu-
lation run (Fig 5) of IMMABM indicate that the individuals with persistent infection could
have identifiable oscillated patterns during HIR.
HIR could also result in a pattern we termed as a hyperinflammatory response (Figs 8 and
9). During this type of response, Salmonella counts dropped within the first 24 hrs of HIR (Fig
8A). However, a significant elevation in phagocytic cells (Fig 8E, 8H and 8I) and inflammatory
cytokines was observed (Fig 8J, 8K and 8L) compared to the healing and the persistent infec-
tion responses, causing severe hepatocyte damage that could lead to death (Fig 8B). Interest-
ingly, we observed that the ranges of agent counts in the hyperinflammatory response (Fig 8)
were more variable compared to the healing and persistent infection responses (Figs 3 and 6).
This made it difficult to accurately predict outcomes in this type of HIR. However, we suggest
that when the mean values of TNF-α,HMGB-1 and IL-10 exceeded the mean values identified
in the hyperinflammatory response (Fig 8J, 8K and 8L), this serves as a warning signal of HIR
progression to a hypothetical death status as the simulation proceeded. In a few simulation rep-
lications, we observed that all the hepatocytes were killed or damaged (Hepatocyte count = 0)
Fig 9. Examples of the NetLogo interface at selected time points (9–24 hrs) after infection with 800
Salmonella showing the HMGB1 (green) or TNF-alpha (yellow) that accumulate in situ. Note: 1 step is
equivalent to 1 hr. post infection.
doi:10.1371/journal.pone.0161131.g009
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within the first 48 hrs of infection during HIR characterized as hyperinflammatory (data not
shown). These data suggest that a hyperinflammatory response could lead to a higher mortality
rate compared to a persistent infection because of the acute and severely damaged hepatocytes
observed.
Fig 10. Organ dysfunction after Salmonella infection (load) of 1200. (Mean counts ± SE) of indicators were
measured at each simulation time point (replications = 10).
doi:10.1371/journal.pone.0161131.g010
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The last pattern of HIR that we observed was characterized by progressively increasing Sal-
monella counts. Under this condition, Salmonella and inflammatory cytokines continued to
rise as the simulation proceeded. Therefore, we classified the combined pattern of increasing
Salmonella counts and inflammatory cytokine counts (TNF-α, HMGB-1, and IL-10) as “organ
dysfunction”, as shown in Figs 10 and 11. Organ dysfunction appeared to be so problematic
because in HIR the liver contained less than 1/4 of the healthy hepatocytes after 24 hrs com-
pared to the number present at the time of the initial infection (Fig 10). Specifically, the simula-
tion stopped under the condition that no more healthy hepatocytes existed. We only calibrated
the data of organ dysfunction for the first 24 hrs of HIR because healthy hepatocytes died out
at 24 hrs of simulation in some replications. According to our simulations, a sign of organ dys-
function might be characterized by continued increases in Salmonella, TNF-α and, HMGB-1
counts and continued high levels of CRP. The acute rise and a slow decrease in CRP levels
observed in our model were consistent with CRP concentration patterns identified in patients
with septic shock [121]. This adds validity to the simulated results from our IMMABM.
To conclude, we found that a healing response, where Salmonella, other phagocytic cells,
and inflammatory cytokines quickly fell below threshold levels, was more likely to occur when
the initial Salmonella load was low. We identified a persistent infection pattern if inflammatory
responses were active (characterized as when Salmonella and inflammatory cell levels oscillate
during infection). However, if the initial Salmonella load was high, a hyperinflammatory
response or organ dysfunction was most likely to occur, leading to the death of infected indi-
viduals. In addition, when these simulated results were compared to experimental data, the
simulations paralleled indicator patterns reported in actual mouse experiments [112, 115, 116,
Fig 11. Examples of the NetLogo interface at selected time points (9–24 hrs) after infection with 1200
Salmonella. Accumulation of Salmonella bacteria (black areas) and TNF-alpha (yellow areas) in situ. Note: 1 step
is equivalent to 1 hr. post infection.
doi:10.1371/journal.pone.0161131.g011
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118–120, 122]. It also became clear that predicting a final outcome from the emerging dynamic
patterns of HIR became more difficult when initial Salmonella loads were above 500 counts
(See Section 3.4).
3.4 Outcome assessment
To examine how the model behaved when parts of the immune response were absent we ran
IMMABM simulations with and without acquired immunity using initial Salmonella doses
ranging from 100 counts to 3200 counts. We thought that this would be an effective test of the
model since we hypothesized that the absence of acquired immunity would negatively impact
the host’s ability to heal. In these experiments, doses were increased in increments of 100
counts with 100 replications per dose for a total of 4500 replications in the IMMABM. In the
absence of acquired immune components, HIR outcomes clearly skewed toward a healing
response at doses less than 500 counts. However, as the initial Salmonella doses increased, it
became clear that the dynamic patterns of HIR could diverge in the health outcomes (healing
response vs. persistent infection vs. hyperinflammatory response vs. organ dysfunction). For
example, when the initial Salmonella load was 800 counts, all four dynamic patterns of HIR
could emerge. Nevertheless, when initial Salmonella counts were below 500, the healing
response was identified over 98% of the time. However, when the initial Salmonella count
exceeded 1300 counts, only hypothetical death status (hyperinflammatory response or organ
dysfunction) was identified from IMMABM simulations. In order to compare potential sur-
vival and mortality rates of HIR under various initial Salmonella challenge loads, we generated
a probability histogram that ended with the healing response, persistent infection, hyperin-
flammatory response, or organ dysfunction of HIR against various Salmonella initial loads (Fig
12). The probability of HIR ending in each possible outcome clearly changes as the dose
increases from 100 counts to 1400 counts (Fig 12).
When CD4+ T cells, CD8+ T cells, B cells, and antibody were added to IMMABM, there
continued to be a dose response as seen in Fig 12. These data show the importance of innate
immunity in the control of Salmonella infections [123, 124]. However, the likelihood of organ
dysfunction dropped compared to when acquired immune components were missing (Fig 13).
Fig 12. Probabilities of leading to healing response, persistent infection, hyperinflammatory response, and
organ dysfunction when the Salmonella initial loads range from 100 to 1400 counts. This experiment
excluded adaptive immunity in IMMABM (i.e. excluded CD4+ T cells, CD8+ T cells, B cells, and antibody).
doi:10.1371/journal.pone.0161131.g012
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It took substantially higher challenge doses to induce more severe infections (S2 Fig). There-
fore, the model seemed to accurately reflect the relative contributions of innate and acquired
immunity during Salmonella infections [39, 125, 126].
As Salmonella initial loads increased from 1800 to 3200, the chance of a hyperinflammatory
response was significantly higher than organ dysfunction (S2 Fig). Although both conditions
can be detrimental to the host, the model reflects subtle changes in the infection and the rapid
and overwhelming pro-inflammatory response induced by a high initial loads of Salmonella.
Interestingly, the overwhelming pro-inflammatory response damages hepatocytes at an early
stage of HIR results in few Salmonella replications within hepatocytes. It is also interesting to
note that in other Gram-negative bacterial infections, the absence of T cells results in prolonged
neutrophila (hyperinflammtion) in the lung [2]. Again, suggesting that the model is beginning
to reflect the in vivo situation.
The experimental data and stochastic processes embedded in IMMABM were essential to a
computational simulation because an HIR is an inherently stochastic process. Experimental
data show that cellular and soluble mediator interactions and concentrations change and their
levels are dependent on location and time. For example, the Salmonella killing rate by one neu-
trophil can range from 2.94 to 12.94 Salmonella/per neutrophil/hr according to a human
model [51]. The data illustrated in Figs 12 and 13 suggests that IMMABM was able to capture
the stochastic nature of the host response during HIR by showing that interactions among
agents and the outcomes of the simulations varied for each run. Consistent with its embedded
stochastic nature, the IMMABM allowed us to determine the probability of each possible out-
come in individuals, thereby allowing reasonable predictions of HIR outcomes. For example,
the simulated results in Figs 12 and 13 demonstrated as Salmonella initial loads increased, the
probability increased that HIR would end with hyperinflammatory response or organ dysfunc-
tion. In contrast, lower initial challenge doses were more likely to be identified as healing
response or persistent infection.
Fig 13. Probabilities of leading to heading response, persistent infection, hyperinflammatory response, and organ dysfunction in the
presence of Acquired Immunity. Salmonella initial loads range from 100 to 1400 counts.
doi:10.1371/journal.pone.0161131.g013
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3.5 Biomarkers of HIR
As described in Section 3.3,HMGB-1 and CRP emerged as biomarkers for HIR because their
expression patterns closely correlated to HIR outcomes. Similar to our simulated results, persis-
tent elevation ofHMGB-1 and CRP was also observed in experimental studies [121, 127, 128].
In clinical practice, the IL-10: TNF-α ratio is one recommended biomarker used to monitor
the progression of sepsis [129, 130]. Therefore, we calculated the average IL-10: TNF-α ratio
for a healing response, a hyperinflammatory response, and organ dysfunction during infection
in 10 simulation runs. Results in Fig 14 show that the average IL-10: TNF-α ratios in both the
hyperinflammatory and organ dysfunction were significantly lower compared to the healing
response (P = 0.0061 and P = 0.0152, respectively, using the Mann-Whitney U tests). There-
fore, the IL-10: TNF-α ratio in the IMMABM accurately captured the elevated IL-10: TNF-α
ratio associated with patients’ healing process [129].
The ratios of CD4+ T cell: CD8+ T cell are relatively lower in patients with sepsis, compared
to non-sepsis patients [131, 132]. The results in Fig 15 show that in IMMABM there was a
Fig 14. Comparison of IL-10: TNF-α ratio among healing response, hyperinflammatory response, and
organ dysfunction responses vs. infection time.Mean values of IL-10: TNF-α ratios were measured at each
simulation time point (replications = 10).
doi:10.1371/journal.pone.0161131.g014
Fig 15. Comparison ofCD4+ T Cell: CD8+ T Cell ratio among healing response, hyperinflammatory
response, and organ dysfunction response vs. time after infection.Mean values of CD4+ T cell: CD8+ T cell
ratios were measured at each simulation time point (replications = 10).
doi:10.1371/journal.pone.0161131.g015
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significantly lower CD4+ T cell: CD8+ T cell ratio when the HIR progressed to hyperinflamma-
tory (P = 0.0083) or organ dysfunction responses (P = 0.0041) after 15 hours of infection.
Therefore, this basic clinical measure of T cell response [131, 132] also appears to be accurately
reflected in the IMMABM.
Our simulated results showed that theMDMII:MDMI ratio was less significantly correlated
to the outcomes of HIR compared to the IL-10: TNF-α ratio and the CD4+ T cell: CD8+ T cell
ratio. During the healing response, theMDMII:MDMI ratio was not significantly higher
(P = 0.2623) than the ratio during hyperinflammatory response but it was significantly elevated
(P = 0.0019) compared to the ratio in organ dysfunction, as shown in Fig 16. Although it is
clear thatMDMI polarization is common in bacterial infections [133], it is less clear if macro-
phage polarization is associated with host dysfunctional responses. Therefore, it is possible that
our simulated data reflect the in vivo ambiguity. Alternatively,MDMII:MDMI ratio may not
be appropriate in the liver compartment. Refinement of the model will be necessary to help
resolve this. In spite of this, the IMMABM in its current format, has identified some biomark-
ers that reflect the in vivo situation (Table 1). This suggest that the IMMABM is beginning to
function in a useful manner by paralleling actual host responses.
3.6 Therapy-directed experiments in silico
We designed an experiment using a hypothetical antimicrobial agent (i.e. an antibiotic that
could kill Salmonella), an anti-TNF-α agent (i.e. an antibody therapy), and a combination of
Fig 16. Comparison ofMDMII:MDMI ratio among healing response, hyperinflammatory response, and
organ dysfunction response vs. infection time.Mean values ofMDMII:MDMI ratios were measured at each
simulation time point (replications = 10).
doi:10.1371/journal.pone.0161131.g016
Table 1. Relationship between dynamic patterns of hepatic inflammatory response and dynamic patterns of essential biomarkers in IMMABM.
Dynamic patterns of hepatic inﬂammatory
response




CD4+ T cell: CD8+ T cell
(ratio)
Healing Response Sharply increase and
smoothly decay
Smoothly decay Low High
Persistent Infection Oscillating decay Oscillating decay Medium High





Organ Dysfunction Sharply increase and slow
decay
Signiﬁcantly elevated High Low
doi:10.1371/journal.pone.0161131.t001
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anti-HMGB-1 agent and anti-TNF-α agent. We incorporated these treatments into the
IMMABM, and compared the effects of the three hypothetical treatments to the outcomes of
HIR. Simulated data showed that the treatment effectiveness was highly correlated with treat-
ment start time during the simulation (Fig 17). Specifically, antimicrobial agents caused signifi-
cant improvement in the survival rates when started during the first hour after infection
(beginning of HIR). Interestingly, current recommendations are to administer appropriate
antibiotics within 1 hour of a diagnosis of severe sepsis or septic shock [134, 135]. In contrast,
the optimal treatment window for anti-TNF-α agents was between 6 hours and 8 hours after
infection (Fig 17), which may explain why anti-TNF-α treatment did not effectively improve
survival for patients in some clinical studies [136, 137]. The combination of anti-HMGB-1 and
anti-TNF-α was more effective in improving the survival rates when treatment was started
between 7 hours and 11 hours after infection, compared to using only anti-TNF-α (Fig 17).
Our simulated results demonstrated that effectiveness of anti-agent treatments has a specific
time window. Administration of the anti-TNF-α and/or anti-HMGB-1 at an early stage could
Fig 17. Assessment of therapy in IMMABM. Hypothetical antimicrobial agents, anti-TNF-α agents, and a
combination of anti-TNF-α and anti-HMGB-1 agents were administered to determine their impact in HIR.
The “Probability of survival” label represents the probability of HIR ending with a healing response. We assume 1
antimicrobial agent kills 1 CFU Salmonella, 1 anti-TNF-α agent degrades 2.82×10−5 pg TNF-α, and 1 anti-HMGB-1
agent degrades 2.82×10−5 pgHMGB-1. 200 antimicrobial agents, 1000 anti-TNF-α agents, or 800 anti-HMGB-1
agents were incorporated each time in corresponding experiments. The administration of the treatment therapies
was done one time in IMMABM starting at 0 hour to 24 hours (abscissa). 20 simulation replications were conducted
for each treatment regimen (1500 simulation replications were conducted for this experiment).
doi:10.1371/journal.pone.0161131.g017
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interfere with the further recruitment of phagocytes. This could lead to organ dysfunction
because there would be insufficient numbers of phagocytes to ingest and kill intruding Salmo-
nella. In contrast, administration of anti-TNF-α and/or anti-HMGB-1 at a later stage could
result in an overwhelming hyperinflammatory response because TNF-α and HMGB-1 levels
remained persistently elevated (Figs 8 and 10). A persistent elevation of TNF-α and HMGB-1
can induce a further infiltration of neutrophils and macrophages to the site of infection, which
cause an uncontrolled HIR. This could explain why an anti-HMGB-1 agent and/or an anti-
TNF-α treatment become less effective as the infection proceeds. We used a fixed amount of
anti-TNF-α and anti-HMGB-1 agent for our treatment, which fails to compromise an elevated
level of TNF-α and HMGB-1 at a later stage of infection. Furthermore, the chance of HIR end-
ing with a hyperinflammatory response or organ dysfunction was higher as the initial loads of
Salmonella increased (Figs 12 and 13). This indicates that higher amounts of anti-agents could
be necessary during treatment as Salmonella infection levels increase.
The insights provided by the therapy-directed experiment suggest that various doses of
anti-agent treatment (e.g. increase doses of anti-agent as the infection proceeds) at selected
time points could improve the survival rates for septic individuals. Moreover, these data sug-
gest additional experimental directions for the development of effective treatment bundles in
experimental animals and/or in preclinical trials.
4. Discussion
This paper describes an IMMABM developed to simulate HIR in a mouse infected with Salmo-
nella. The IMMABM described interactions between selected agents as a representation of a
HIR during Salmonella infection and required the understanding of key cellular and molecular
processes of HIR at the tissue level. Most importantly, the IMMABM was validated through a
series of comparisons between simulated results and experimental studies.
Four distinct dynamic patterns (healing response, persistent infection, hyperinflammatory
response, and organ dysfunction) were identified during the IMMABM simulation. One signif-
icant finding from the simulations was that the outcomes of a HIR were highly correlated to
the initial Salmonella counts. When the initial Salmonella counts were below 900, hepatic infec-
tion had 97% probability to develop into a healing response during 100 simulation runs (S2
Fig). When the initial Salmonella counts were between 1000 and 3200 counts, the outcomes of
HIR were uncertain (S2 Fig). As the initial counts of Salmonella increased, HIR had a higher
probability to end with hyperinflammatory or organ dysfunction responses. Furthermore,
CRP, HMGB-1, the IL-10: TNF-α ratio, and the CD4+ T cell: CD8+ T cell ratio emerged as bio-
markers during HIR. If CRP andHMGB-1 were persistently elevated, HIR was more likely to
end in a hyperinflammatory or organ dysfunction response. If the IL-10: TNF-α ratio or CD4
+ T cell: CD8+ T cell ratio dropped significantly during HIR, a hyperinflammatory or an organ
dysfunction response would occur. In the therapy-directed experiment, we observed that anti-
microbial intervention significantly improved the survival rates during the first hour. Anti-
TNF-α agents and/or anti-HMGB-1 agents improved survival rates when administered at a
later stage of infection, and it became clear that efficacy was dependent on time of
administration.
4.1 Insights into simulated results
This IMMABM began to capture the essence of adaptive immunity during HIR. T cell activa-
tion occurs within 24 hrs of HIR in vivo [138]. Therefore, we incorporated adaptive immunity,
including essential lymphocytes such as CD4+ and CD8+ T cells, as well as B cells, into our sim-
ulation. We found that incorporation of T cells and other acquired immune components could
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induce changes to the course of the infection. Indeed, in immunocompetent mice, the hyperin-
flammatory response that we identified in the simulations paralleled observations made during
mouse sepsis [138]. In addition, we found that antibodies released during HIR failed to signifi-
cantly affect organ dysfunction based on the release rate of antibodies and the binding amount
of antibody to one Salmonella we calibrated [139–141].
During dose response simulations, we observed HIR is correlated to initial loads of Salmo-
nella. Furthermore, we calibrated the probability of HIR ending in each possible outcome
under a range of initial Salmonella loads (Figs 12 and 13). Recent studies found that a high bac-
terial load is significantly associated with worse outcomes [110]. Our study reported the first
probability histogram that ended with various patterns under a range of initial Salmonella
loads. The probability histograms describe the relationship between probability of ending with
each HIR pattern and Salmonella challenge levels. Moreover, we observed that HIR could end
in various outcomes (healing response vs. persistent infection vs. hyperinflammatory response
vs. organ dysfunction) with the same initial loads of Salmonella. These observations could
explain the reason why effectiveness of therapeutic intervention is different from patient to
patient.
Our results suggest that levels of TNF-α, HMGB-1, CRP, and IL-10: TNF-α ratios, and
CD4+ T cell: CD8+ T cell ratios could be recognized as biomarkers for HIR because these indi-
cators and/or ratios have distinct patterns between a healthy state (i.e. a healing response) and
hypothetical death state (i.e. hyperinflammatory response or organ dysfunction). Specifically,
our simulation results showed that averaged IL-10: TNF-α ratios were significantly elevated in
the healing response from 8 to 14 hours compared to the ratios in the hyperinflammatory
response and during organ dysfunction (P = 0.0061 and P = 0.0152, respectively, using the
Mann-Whitney U tests, as shown in S1 Fig). These data suggest that IL-10: TNF-α ratios could
be recognized as a predictive marker for HIR at an early stage because HIR would lead to a
more likely death state if a lower ratio of IL-10: TNF-α is observed during the first 14 hrs of
infection. Although the averaged IL-10: TNF-α ratios were elevated in both the hyperinflam-
matory response and in organ dysfunction compared to those in a healing response, IL-10:
TNF-α ratios were observed to approach similar values seen during a healing response after the
first 14 hrs of infection in some replications. A possible reason for this is that because TNF-α
level dropped at a late stage of HIR, and IL-10 levels were increasing due to hyperinflammatory
responses. It appears that severe hepatocyte damage was mostly caused by a persistent eleva-
tion of inflammatory cytokines such as HMGB-1(Figs 8K and 10K). This would indicate that
our model is beginning to accurately reflect biological situations since this parallels the in vivo
experience [113, 127, 128, 142] where a persistent elevation of HMGB-1 in patients with severe
sepsis and mice with organ damage have high HMGB-1 concentrations. Therefore, HMGB-1
can be another predictive marker for HIR progression at a late stage. To conclude, our simu-
lated results suggest that clinicians should use a combination of predictive markers at different
stages (IL-10: TNF-α ratios at an early stage vs. HMGB-1 at a late stage). This approach could
be more accurate to predict the progression of HIR.
Strategies for sepsis treatment have been discussed extensively in recent years [10, 134–136,
143–146], but no general agreement exists regarding efficacy of these strategies. This lack of
consensus is due to the complex nature of what causes sepsis to progress, including different
clinical and experimental settings, and heterogeneous groups of patients with infections caused
by various microorganisms [147]. Our simulated results suggest that the anti-agent treatments
are effective within a constrained time window (Fig 17). These findings support contentions
that timing of therapy is critical to success [11, 148, 149]. As initial loads of Salmonella
increase, the probability of a hyperinflammtory response or organ dysfunction increases (Figs
12 and 13). Therefore, based on the modelling we predict that a higher dose of anti-agent
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treatment might be necessary during a more severe infection. Moreover, individuals with HIR
should be classified into multiple groups based on the extent of infection. Therefore, different
amounts of anti-agents should be administered to different groups of patients at multiple treat-
ment time points. Given the consistent outcome between our simulations and existing studies
[10, 134–137], it suggests that our IMMABM is beginning to accurately reflect some aspects of
HIR. IMMABM can provide an initial silico test for proposed therapeutic agents. The addition/
inclusion of different immune components can also be done to provide insights about how out-
comes can change. We saw distinct changes in the outcome of HIR when we added acquired
immune components. Although experimental studies have shown that sepsis in humans is not
a model of veterinary sepsis and implementation of an animal sepsis model to human medicine
must be further validated [148], IMMABMmodeling techniques could be applied to human
medicine and the IMMABM can be refined as human data becomes available in the future. As
the IMMABM is constructed now and by future refinements, this tool will allow us to explore
various types of treatments to evaluate their possible effectiveness and could help in the design
of future preclinical experiments.
4.2 Model simplification and generalizations
Previously, ABM has been employed to describe complex and nonlinear biological immune
processes responding to infection [41]. Compared to traditional differential equation models,
ABM is more similar to the description and representation of a true biological system because
it can incorporate stochastic and spatial processes of cell interactions in a host-pathogen sys-
tem. The IMMABM in this study simulated dynamic patterns of essential variables and cap-
tured quantitative changes in dynamic patterns of an HIR using various doses of Salmonella
“infection”. Furthermore, the IMMABM allowed us to simulate the distribution of changes,
reflected as dynamic patterns, and provided insights into the probability of those changes. The
“therapy” experiment demonstrated that this ABM could begin to provide insights about possi-
ble treatments prior clinical trials, which could save time and resources by eliminated ineffec-
tive therapies from lab experiments and more importantly, clinical trials.
Although ABMs are advantageous compared to mathematical models [15], they are limited
as an “instructive” tool and still cannot represent real immune responses in disease progression
because they fail in one-to-one mapping of components and processes to biological systems.
Since every intermediate biological processes of HIR cannot be simultaneously incorporated
into the IMMABM, reasonable assumptions and simplifications of biological responses must
be made when building an ABM. For example, in our IMMABM, we did not model that Salmo-
nella replicates within neutrophils even though we know that they are a primary replication
site in vivo [31]. Therefore, this type of Salmonella replication could be considered for inclusion
in a future model. ABM assumptions can also be more complicated than just leaving out some
biological responses because there are conflicting data or the biology is very complex.
We modeled that TNF-α induced apoptosis of hepatocytes because TNF-α secretion from
activated Kupffer Cells induces apoptosis in hepatocytes [32]. However, another study showed
hepatocyte apoptosis was induced by TNF-α only in combination with the transcriptional
inhibitor actinomycin D (ActD) [150]. Because our model considered a general concept of HIR
at the current stage, we modeled that TNF-α would induce hepatocyte apoptosis if TNF-α were
bound to hepatocytes.
Mast cells release many biologically active molecules and chemical substances, such as pro-
tease and IL-6, which decrease or increase survival rates of septic patients [151–153]. Salmo-
nella that bind to mast cells eventually die because of the substances secreted by mast cells.
Therefore, in order to simplify our ABM, we considered only some main functions of mast
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cells during inflammation. For many years, mast cells were believed to phagocytize Salmonella
[154]. However, a recent experiment showed [155] that mast cells bind to Salmonella, making
them unable to phagocytize Salmonella. Therefore, we did not model that mast cells phagocy-
tize Salmonella. Instead, we modeled that Salmonella binds to mast cells which initiates the
release of TNF-α from the engaged mast cells.
T cell subpopulations have been reported to express IL-10 under various conditions [156],
making it difficult to estimate IL-10 production. Because IL-10 levels released from T cells var-
ies due to the type or concentration of stimuli, we modeled that CD4+ T cells produce IL-10
and we estimated the average release rate of IL-10. We did not differentiate helper T cells to
specific types (e.g. Th2 or Treg) identified in biological process.
Plasma cells secrete antibody [79], but we did not incorporate this specific B cell population
into our ABM. We modeled that B cells released antibody knowing that this does not mimic
the real biological system. Likewise, when antibody is released from plasmas cells, TH cells
define the isotype of the antibody [79]. However, we did not model specific antibody isotypes
in our model. Furthermore, we ignored the fact that antibody opsonization also induces stimu-
lation of the release of various cytokines and the type of FcR engagement can alter cell function
[157, 158]. We also did not incorporate that antibody-opsonized Salmonella are phagocytized
better by neutrophils and macrophages compared to Salmonella alone [79].
We did not model natural killer cells in our ABM and we ignored effects of other pro-
inflammatory cytokines such as IL-1, IL-12, and IL-8. Also, biological immune responses to
infection are recognized as a series of complex processes including intracellular signal trans-
ductions (including activation of gene transcription) and intercellular interactions between
cells. These biological processes can be developed over time and will evolved as our under-
standing of these processes becomes more sophisticated [41]. Therefore, our IMMABM is still
under development and has the potential to incorporate many of the variables that we have left
out at the present time.
One final important consideration is that an ABM requires a high level of computational
effort in order to simulate the detailed interactions between classes of agents in the HIR. This is
particularly true because the ABM is designed to describe the aggregated level of components
by simulating individual agent behavior and interactions. These processes are occurring in par-
allel and require extensive computational effort and high computational efficiency [41]. An
average of 18 minutes was required to run 300 simulation steps in one replication of IMMABM
for a healing and persistent infection response in the IMMABM. The computational times
were significantly more for scenarios with hyperinflammatory or organ dysfunction responses.
In those cases, computational efficiency required an average of 10 minutes per simulation step
(an average of 50 hours if the run has 300 simulation steps, or a total 208.3 days (approxima-
tion) for 100 replications). Therefore, one of the factors that limits the number of variables
included in an ABM is the computer power available. This limitation directs us to improve
computer power by implementing an object-oriented programming and parallel computing in
the future.
5. Future Research
Limitations of current ABMs provide opportunities for future enhancements. A major step for-
ward will include the addition of one or more of the sophisticated cellular and molecular path-
ways discussed in Section 4.
The activation of the coagulation cascade is characteristically seen in patients with sepsis
[159]. Activated protein C (APC), as an endogenous protein with the ability to modulate coag-
ulation, has currently been approved to be the only pharmacologic therapy in the treatment of
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severe sepsis [159, 160], highlighting the importance of coagulation and fibrinolysis in sepsis
[160]. Thus, modeling complement cascades of inflammatory responses and possible progres-
sion to coagulation episodes during sepsis would also help the understanding of both inflam-
mation and coagulation and associated therapeutic targets during sepsis progression. An
explicit modeling of coagulation cascades needs to incorporate to IMMABM in order to
describe hemostasis during sepsis.
Mediator-directed treatments could be incorporated into this IMMABM in order to imple-
ment pre-clinical treatment tests in silico. Initial silico simulation of IMMABM allowed us to
recognize that a combination of anti-TNF-α and anti-HMGB-1 agents could significantly
improve survival rates in HIR. Furthermore, we also observed that the time drugs were admin-
istered also impacts HIR outcomes. This not only provides evidence that the core IMMABM is
sound, it also provides hope that it can be developed into an effective tool to assist in physicians
in their clinical decision-making process.
Current ABMs also require computational resources. For the current 401 × 401 2D grid
simulation size, the average simulation implementation time ranged from 18 mins to 50 hrs
per replication. Computational time exponentially increased as the number of interactions
among agents increased because of the numerous repetitive interactions. Therefore, another
future direction of ABM research could be to reduce this computational hurdle by designing
new and efficient computational algorithms.
Supporting Information
S1 Fig. Comparison of IL-10: TNF-α ratio among healing response, hyperinflammatory
response, and organ dysfunction responses vs. the first 14 hrs of infection time.Mean val-
ues of IL-10: TNF-α ratios were measured at each simulation time point (replications = 10).
(TIF)
S2 Fig. Probabilities of leading to heading response, persistent infection, hyperinflamma-
tory response, and organ dysfunction in the presence of Acquired Immunity. Salmonella
initial loads range from 200 to 3200 counts.
(TIF)
S1 Table. Agent Behaviors and Agent Update Rules in IMMABM.
(DOCX)
S2 Table. Agent Types and Agent Behaviors in IMMABM Based on Biological Behaviors
(Agent types in “Agent Behavior(s)” are highlighted in Italic format, except terminology
Salmonella enterica serovar Typhimurium (Salmonella) is Italic format in both “Biological
Behavior(s)” and “Agent Behavior(s)”).
(DOCX)
S3 Table. Experimental data and value of system parameters in IMMABM.
(DOCX)
Acknowledgments
The authors would like to thank Dr. Steven Simpson from the University of Kansas Medical
Center for providing suggestion on potential treatment strategies in the therapy-directed
experiments. The authors also would like to thank Dr. Michael Pecaut from Division of Bio-
chemistry of Loma Linda University for helpful suggestions on editing this manuscript, Dr.
Derek A. Mosier from Diagnostic Medicine/Pathobiology of Kansas State University for his
help with Fig 1A, and Ms. Mal Hoover for drawing Fig 1A.
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella





Methodology: ZS DBA CW.




Writing – original draft: ZS SKC.
References
1. Chapes SK, Beharka AA. Salmonella infections in the absence of the major histocompatibility com-
plex II. Journal of Leukocyte Biology. 1998; 63(3):297–304. PMID: 9500516
2. Hart ML, Mosier DA, Chapes SK. Toll-like receptor 4-positive macrophages protect mice from Pas-
teurella pneumotropica-induced pneumonia. Infection and Immunity. 2003; 71(2):663–670. PMID:
12540543
3. Bone R, Balk R, Cerra F, Dellinger R, Fein A, KnausW, et al. Definitions for sepsis and organ failure
and guidelines for the use of innovative therapies in sepsis. The American College of Chest Physi-
cians/Society of Critical Care Medicine Consensus Conference Committee. Chest. 1992; 101
(6):1644–1655. PMID: 1303622
4. Sharma S, Kumar A. Septic shock, multiple organ failure, and acute respiratory distress syndrome.
Current Opinion in Pulmonary Medicine. 2003; 9(3):199–209. PMID: 12682565
5. Angus DC, Linde-Zwirble WT, Lidicker J, Clermont G, Carcillo J, Pinsky MR. Epidemiology of severe
sepsis in the United States: analysis of incidence, outcome, and associated costs of care. Critical
Care Medicine. 2001; 29(7):1303–1310. PMID: 11445675
6. Parrillo JE, Parker MM, Natanson C, Suffredini AF, Danner RL, Cunnion RE, et al. Septic shock in
humans: advances in the understanding of pathogenesis, cardiovascular dysfunction, and therapy.
Annals of Internal Medicine. 1990; 113(3):227–242. PMID: 2197912
7. Melamed A, Sorvillo FJ. The burden of sepsis-associated mortality in the United States from 1999 to
2005: an analysis of multiple-cause-of-death data. Critical Care. 2009; 13(1):R28. doi: 10.1186/
cc7733 PMID: 19250547
8. Perl TM, Dvorak L, Hwang T, Wenzel RP. Long-term survival and function after suspected gram-neg-
ative sepsis. Jama. 1995; 274(4):338–345. PMID: 7609265
9. Rangel-Frausto MS, Pittet D, Costigan M, Hwang T, Davis CS, Wenzel RP. The natural history of the
systemic inflammatory response syndrome (SIRS): a prospective study. Jama. 1995; 273(2):117–
123. PMID: 7799491
10. Cross AS, Opal SM. A new paradigm for the treatment of sepsis: is it time to consider combination
therapy? Annals of Internal Medicine. 2003; 138(6):502–505. PMID: 12639085
11. Riedemann NC, Guo RF, Ward PA. Novel strategies for the treatment of sepsis. Nature Medicine.
2003; 9(5):517–524. PMID: 12724763
12. Kumar R, Clermont G, Vodovotz Y, Chow CC. The dynamics of acute inflammation. Journal of Theo-
retical Biology. 2004; 230(2):145–155. PMID: 15321710
13. Reynolds A, Rubin J, Clermont G, Day J, Vodovotz Y, Ermentrout GB. A reduced mathematical model
of the acute inflammatory response: I. Derivation of model and analysis of anti-inflammation. Journal
of Theoretical Biology. 2006; 242(1):220–236. PMID: 16584750
14. Shi Z, Wu CH, Ben-Arieh D, Simpson SQ. Mathematical model of innate and adaptive immunity of
sepsis: a modeling and simulation study of infectious disease. BioMed Research International. 2015;
2015:504259. doi: 10.1155/2015/504259 PMID: 26446682
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 32 / 39
15. Parunak HVD, Savit R, Riolo RL. Multi-agent systems and agent-based simulation. In: Sichman JS,
Conte R, Gilbert N, editors; Lecture notes in artificial intelligence. New York: Springer; 1998. pp. 10–
25.
16. An G, Mi Q, Dutta‐Moscato J, Vodovotz Y. Agent-based models in translational systems biology.
Wiley Interdisciplinary Reviews: Systems Biology and Medicine. 2009; 1(2):159–171. doi: 10.1002/
wsbm.45 PMID: 20835989
17. Bonabeau E. Agent-based modeling: methods and techniques for simulating human systems. Pro-
ceedings of the National Academy of Sciences. 2002; 99(Suppl 3):7280–7287.
18. Axelrod RM. The complexity of cooperation: agent-based models of competition and collaboration.
1st ed. Princeton: Princeton University Press; 1997.
19. Epstein JM, Axtell RL. Growing artificial societies: social science from the bottom up. 1st ed. Wash-
ington, D.C.: Brookings Institution Press; 1996.
20. Bauer AL, Beauchemin CA, Perelson AS. Agent-based modeling of host–pathogen systems: the suc-
cesses and challenges. Information Sciences. 2009; 179(10):1379–1389. PMID: 20161146
21. An G. Agent-based computer simulation and sirs: building a bridge between basic science and clinical
trials. Shock. 2001; 16(4):266–273. PMID: 11580108
22. An G. In silico experiments of existing and hypothetical cytokine-directed clinical trials using agent-
based modeling*. Critical Care Medicine. 2004; 32(10):2050–2060. PMID: 15483414
23. Folcik VA, An GC, Orosz CG. The basic immune simulator: an agent-basedmodel to study the inter-
actions between innate and adaptive immunity. Theoretical Biology and Medical Modelling. 2007; 4
(1):39. doi: 10.1186/1742-4682-4-39
24. Wu J, Ben-Arieh D, Shi Z. An autonomous multi-agent simulation model for acute inflammatory
response. International Journal of Artificial Life Research. 2011; 2(2):105–121.
25. Dutta-Moscato J, Solovyev A, Mi Q, Nishikawa T, Soto-Gutierrez A, Fox IJ, et al. A multiscale agent-
based in silico model of liver fibrosis progression. Frontiers in Bioengineering and Biotechnology.
2014; 2:18. doi: 10.3389/fbioe.2014.00018 PMID: 25152891
26. Dong X, Foteinou PT, Calvano SE, Lowry SF, Androulakis IP. Agent-basedmodeling of endotoxin-
induced acute inflammatory response in human blood leukocytes. PloS One. 2010; 5(2):e9249. doi:
10.1371/journal.pone.0009249 PMID: 20174629
27. Araujo A, Baum B, Bentley P. The role of chromosomemissegregation in cancer development: a theo-
retical approach using agent-basedmodelling. PloS One. 2013; 8(8):e72206. doi: 10.1371/journal.
pone.0072206 PMID: 23991060
28. Nguyen TT, Calvano SE, Lowry SF, Androulakis IP. An agent-based model of cellular dynamics and
circadian variability in human endotoxemia. PloS One. 2013; 8(1):e55550. doi: 10.1371/journal.pone.
0055550 PMID: 23383223
29. Shashkova T, Popenko A, Tyakht A, Peskov K, Kosinsky Y, Bogolubsky L, et al. Agent based model-
ing of human gut microbiome interactions and perturbations. PloS One. 2016; 11(2):e0148386. doi:
10.1371/journal.pone.0148386 PMID: 26894828
30. Pollmächer J, Figge MT. Agent-basedmodel of human alveoli predicts chemotactic signaling by epi-
thelial cells during early Aspergillus fumigatus infection. PloS One. 2014; 9(10):e111630. doi: 10.
1371/journal.pone.0111630 PMID: 25360787
31. Nnalue N, Shnyra A, Hultenby K, Lindberg A. Salmonella choleraesuis and Salmonella typhimurium
associated with liver cells after intravenous inoculation of rats are localized mainly in Kupffer cells and
multiply intracellularly. Infection and Immunity. 1992; 60(7):2758–2768. PMID: 1612743
32. Malhi H, Guicciardi ME, Gores GJ. Hepatocyte death: a clear and present danger. Physiological
Reviews. 2010; 90(3):1165–1194. doi: 10.1152/physrev.00061.2009 PMID: 20664081
33. Graham SM. Salmonellosis in children in developing and developed countries and populations. Cur-
rent Opinion in Infectious Diseases. 2002; 15(5):507–512. PMID: 12686884
34. Jotwani R, Tanaka Y, Watanabe K, Tanaka K, Kato N, Ueno K. Cytokine stimulation during Salmo-
nella typhimurium sepsis in Itys mice. Journal of Medical Microbiology. 1995; 42(5):348–352. PMID:
7752214
35. Beuzón CR, Salcedo SP, Holden DW. Growth and killing of a Salmonella enterica serovar Typhimur-
ium sifA mutant strain in the cytosol of different host cell lines. Microbiology. 2002; 148(9):2705–2715.
36. de Jong HK, Parry CM, van der Poll T, WiersingaWJ. Host–pathogen interaction in invasive salmonel-
losis. PLoS Pathogens. 2012; 8(10):e1002933. doi: 10.1371/journal.ppat.1002933 PMID: 23055923
37. Friedman RL, Moon RJ. Hepatic clearance of Salmonella typhimurium in silica-treated mice. Infection
and Immunity. 1977; 16(3):1005–1012. PMID: 197004
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 33 / 39
38. Gog JR, Murcia A, Osterman N, Restif O, McKinley TJ, Sheppard M, et al. Dynamics of Salmonella
infection of macrophages at the single cell level. Journal of The Royal Society Interface. 2012; 9
(75):2696–2707.
39. Hess J, Ladel C, Miko D, Kaufmann S. Salmonella typhimurium aroA-infection in gene-targeted immu-
nodeficient mice: major role of CD4+ TCR-alpha beta cells and IFN-gamma in bacterial clearance
independent of intracellular location. The Journal of Immunology. 1996; 156(9):3321–3326. PMID:
8617956
40. Netlogo. 5.1.0. https://ccl.northwestern.edu/netlogo/5.1.0/.
41. Shi ZZ, Wu CH, Ben-Arieh D. Agent-based model: a surging tool to simulate infectious diseases in the
immune system. Open Journal of Modelling and Simulation. 2014; 2(1):12–22.
42. Malarkey DE, Johnson K, Ryan L, Boorman G, Maronpot RR. New insights into functional aspects of
liver morphology. Toxicologic Pathology. 2005; 33(1):27–34. PMID: 15805053
43. Gregory SH, Wing EJ. Neutrophil-Kupffer cell interaction: a critical component of host defenses to sys-
temic bacterial infections. Journal of Leukocyte Biology. 2002; 72(2):239–248. PMID: 12149414
44. Farrell DJ, Hines JE, Walls AF, Kelly PJ, Bennett MK, Burt AD. Intrahepatic mast cells in chronic liver
diseases. Hepatology. 1995; 22(4):1175–1181. PMID: 7557869
45. Conlan JW, North RJ. Early pathogenesis of infection in the liver with the facultative intracellular bac-
teria Listeria monocytogenes, Francisella tularensis, and Salmonella typhimurium involves lysis of
infected hepatocytes by leukocytes. Infection and Immunity. 1992; 60(12):5164–5171. PMID:
1452350
46. Lindgren SW, Stojiljkovic I, Heffron F. Macrophage killing is an essential virulence mechanism of Sal-
monella typhimurium. Proceedings of the National Academy of Sciences. 1996; 93(9):4197–4201.
47. Helaine S, Thompson JA, Watson KG, Liu M, Boyle C, Holden DW. Dynamics of intracellular bacterial
replication at the single cell level. Proceedings of the National Academy of Sciences. 2010; 107
(8):3746–3751.
48. Richter-Dahlfors A, Buchan AM, Finlay BB. Murine salmonellosis studied by confocal microscopy:
Salmonella typhimurium resides intracellularly inside macrophages and exerts a cytotoxic effect on
phagocytes in vivo. The Journal of Experimental Medicine. 1997; 186(4):569–580. PMID: 9254655
49. Conlan JW. Neutrophils prevent extracellular colonization of the liver microvasculature by Salmonella
typhimurium. Infection and Immunity. 1996; 64(3):1043–1047. PMID: 8641757
50. Slauch JM. How does the oxidative burst of macrophages kill bacteria? Still an open question. Molec-
ular Microbiology. 2011; 80(3):580–583. doi: 10.1111/j.1365-2958.2011.07612.x PMID: 21375590
51. Nagl M, Kacani L, Müllauer B, Lemberger EM, Stoiber H, Sprinzl GM, et al. Phagocytosis and killing of
bacteria by professional phagocytes and dendritic cells. Clinical and Diagnostic Laboratory Immunol-
ogy. 2002; 9(6):1165–1168. PMID: 12414745
52. Du Clos TW. Function of C-reactive protein. Annals of Medicine. 2000; 32(4):274–278. PMID:
10852144
53. Inatsu A, Kinoshita M, Nakashima H, Shimizu J, Saitoh D, Tamai S, et al. Novel mechanism of C-reac-
tive protein for enhancing mouse liver innate immunity. Hepatology. 2009; 49(6):2044–2054. doi: 10.
1002/hep.22888 PMID: 19444871
54. Black S, Kushner I, Samols D. C-reactive protein. Journal of Biological Chemistry. 2004; 279
(47):48487–48490. PMID: 15337754
55. Janeway CA, Travers P, Walport M, Shlomchik MJ. Immunobiology: the immune system in health and
disease. 6th ed. New York, Garland Science Publishing; 2005.
56. Alberts B, Johnson A, Lewis J, Raff M, Roberts K, Walter P. Molecular biology of the cell. 4th ed.
New York: Garland Science; 2002.
57. Santos SAD, Andrade DRD Júnior, Andrade DRD. Tnf-a production and apoptosis in hepatocytes
after listeria monocytogenes and salmonella typhimurium invasion. Revista do Instituto de Medicina
Tropical de São Paulo. 2011; 53(2):107–112. PMID: 21537759
58. Huang H, Nace GW, McDonald KA, Tai S, Klune JR, Rosborough BR, et al. Hepatocyte specific
HMGB1 deletion worsens the injury in liver ischemia/reperfusion: a role for intracellular HMGB1 in cel-
lular protection. Hepatology. 2014; 59(5):1984–1997. doi: 10.1002/hep.26976 PMID: 24375466
59. Ramaiah SK, Jaeschke H. Role of neutrophils in the pathogenesis of acute inflammatory liver injury.
Toxicologic Pathology. 2007; 35(6):757–766. PMID: 17943649
60. Jaeschke H, Bajt ML. Intracellular signaling mechanisms of acetaminophen-induced liver cell death.
Toxicological Sciences. 2006; 89(1):31–41. PMID: 16177235
61. Jaeschke H, Smith CW. Mechanisms of neutrophil-induced parenchymal cell injury. Journal of Leuko-
cyte Biology. 1997; 61(6):647–653. PMID: 9201255
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 34 / 39
62. Elmore S. Apoptosis: a review of programmed cell death. Toxicologic Pathology. 2007; 35(4):495–
516. PMID: 17562483
63. Takeishi T, Hirano K, Kobayashi T, Hasegawa G, Hatakeyama K, Naito M. The role of Kupffer cells in
liver regeneration. Archives of Histology and Cytology. 1999; 62(5):413–422. PMID: 10678570
64. Rosenberger CM, Finlay BB. Phagocyte sabotage: disruption of macrophage signalling by bacterial
pathogens. Nature Reviews Molecular Cell Biology. 2003; 4(5):385–396. PMID: 12728272
65. Zimmermann HW, Trautwein C, Tacke F. Functional role of monocytes and macrophages for the
inflammatory response in acute liver injury. Frontiers in Physiology. 2012; 3:56. doi: 10.3389/fphys.
2012.00056 PMID: 23091461
66. Ishibashi H, Nakamura M, Komori A, Migita K, Shimoda S. Liver architecture, cell function, and dis-
ease. Seminars in Immunopathology. 2009; 31(3):399–409. doi: 10.1007/s00281-009-0155-6 PMID:
19468732
67. Witthaut R, Farhood A, Smith CW, Jaeschke H. Complement and tumor necrosis factor-alpha contrib-
ute to Mac-1 (CD11b/CD18) up-regulation and systemic neutrophil activation during endotoxemia in
vivo. Journal of Leukocyte Biology. 1994; 55(1):105–111. PMID: 8283134
68. Diesselhoff-den Dulk M, Crofton R, Van Furth R. Origin and kinetics of Kupffer cells during an acute
inflammatory response. Immunology. 1979; 37(1):7–14. PMID: 468305
69. Kasten KR, Muenzer JT, Caldwell CC. Neutrophils are significant producers of IL-10 during sepsis.
Biochemical and Biophysical Research Communications. 2010; 393(1):28–31. doi: 10.1016/j.bbrc.
2010.01.066 PMID: 20097159
70. Kumar V, Sharma A. Neutrophils: cinderella of innate immune system. International Immunopharma-
cology. 2010; 10(11):1325–1334. doi: 10.1016/j.intimp.2010.08.012 PMID: 20828640
71. Papayannopoulos V, Metzler KD, Hakkim A, Zychlinsky A. Neutrophil elastase and myeloperoxidase
regulate the formation of neutrophil extracellular traps. The Journal of Cell Biology. 2010; 191(3):677–
691. doi: 10.1083/jcb.201006052 PMID: 20974816
72. Brinkmann V, Reichard U, Goosmann C, Fauler B, Uhlemann Y, Weiss DS, et al. Neutrophil extracel-
lular traps kill bacteria. Science. 2004; 303(5663):1532–1535. PMID: 15001782
73. Liaskou E, Wilson DV, Oo YH. Innate immune cells in liver inflammation. Mediators of Inflammation.
2012; 2012:949157. doi: 10.1155/2012/949157 PMID: 22933833
74. Karlmark KR, Weiskirchen R, Zimmermann HW, Gassler N, Ginhoux F, Weber C, et al. Hepatic
recruitment of the inflammatory Gr1+ monocyte subset upon liver injury promotes hepatic fibrosis.
Hepatology. 2009; 50(1):261–274. doi: 10.1002/hep.22950 PMID: 19554540
75. Tacke F. Functional role of intrahepatic monocyte subsets for the progression of liver inflammation
and liver fibrosis in vivo. Fibrogenesis Tissue Repair. 2012; 5(Suppl 1):S27. doi: 10.1186/1755-1536-
5-S1-S27 PMID: 23259611
76. Savill J, Wyllie A, Henson J, Walport M, Henson P, Haslett C. Macrophage phagocytosis of aging neu-
trophils in inflammation. Programmed cell death in the neutrophil leads to its recognition by macro-
phages. Journal of Clinical Investigation. 1989; 83(3):865–875. PMID: 2921324
77. Bellingan GJ, Caldwell H, Howie S, Dransfield I, Haslett C. In vivo fate of the inflammatory macro-
phage during the resolution of inflammation: inflammatory macrophages do not die locally, but emi-
grate to the draining lymph nodes. The Journal of Immunology. 1996; 157(6):2577–2585. PMID:
8805660
78. Kasten KR, Tschöp J, Adediran SG, Hildeman DA, Caldwell CC. T cells are potent early mediators of
the host response to sepsis. Shock. 2010; 34(4):327–336. doi: 10.1097/SHK.0b013e3181e14c2e
PMID: 20386500
79. Kindt TJ, Osborne BA, Goldsby RA. Kuby immunology. 6th ed. London: W.H. Freeman & Company;
2006.
80. Lalor PF, Shields P, Grant AJ, Adams DH. Recruitment of lymphocytes to the human liver. Immunol-
ogy and Cell Biology. 2002; 80(1):52–64. PMID: 11869363
81. Sindrilaru A, Peters T, Wieschalka S, Baican C, Baican A, Peter H, et al. An unrestrained proinflam-
matory M1 macrophage population induced by iron impairs wound healing in humans and mice. The
Journal of Clinical Investigation. 2011; 121(3):985–997. doi: 10.1172/JCI44490 PMID: 21317534
82. Abe T, Arai T, Ogawa A, Hiromatsu T, Masuda A, Matsuguchi T, et al. Kupffer cell–derived interleukin
10 is responsible for impaired bacterial clearance in bile duct–ligated mice. Hepatology. 2004; 40
(2):414–423. PMID: 15368446
83. Bardadin KA, Scheuer PJ. Mast cells in acute hepatitis. The Journal of Pathology. 1986; 149(4):315–
325. PMID: 3761069
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 35 / 39
84. Yamashiro M, KoudaW, Kono N, Tsuneyama K, Matsui O, Nakanuma Y. Distribution of intrahepatic
mast cells in various hepatobiliary disorders. Virchows Archiv. 1998; 433(5):471–479. PMID:
9849863
85. Wang H, Yang H, Tracey K. Extracellular role of HMGB1 in inflammation and sepsis. Journal of Inter-
nal Medicine. 2004; 255(3):320–331. PMID: 14871456
86. Chen G, Li J, Ochani M, Rendon-Mitchell B, Qiang X, Susarla S, et al. Bacterial endotoxin stimulates
macrophages to release HMGB1 partly through CD14-and TNF-dependent mechanisms. Journal of
Leukocyte Biology. 2004; 76(5):994–1001. PMID: 15331624
87. Tsung A, Klune JR, Zhang X, Jeyabalan G, Cao Z, Peng X, et al. HMGB1 release induced by liver
ischemia involves Toll-like receptor 4–dependent reactive oxygen species production and calcium-
mediated signaling. The Journal of Experimental Medicine. 2007; 204(12):2913–2923. PMID:
17984303
88. Haveman J, Kobold AM, Tervaert JC, Van den Berg A, Tulleken J, Kallenberg C, et al. The central
role of monocytes in the pathogenesis of sepsis: consequences for immunomonitoring and treatment.
The Netherlands Journal of Medicine. 1999; 55(3):132–141. PMID: 10509072
89. Aziz M, Jacob A, YangWL, Matsuda A, Wang P. Current trends in inflammatory and immunomodula-
tory mediators in sepsis. Journal of Leukocyte Biology. 2013; 93(3):329–342. doi: 10.1189/jlb.
0912437 PMID: 23136259
90. Gao B. Hepatoprotective and anti-inflammatory cytokines in alcoholic liver disease. Journal of Gastro-
enterology and Hepatology. 2012; 27(Suppl 2):89–93. doi: 10.1111/j.1440-1746.2011.07003.x PMID:
22320924
91. Geng Y, Gulbins E, Altman A, Lotz M. Monocyte deactivation by interleukin 10 via inhibition of tyrosine
kinase activity and the Ras signaling pathway. Proceedings of the National Academy of Sciences.
1994; 91(18):8602–8606.
92. Wang P, Wu P, Siegel MI, Egan RW, Billah MM. IL-10 inhibits transcription of cytokine genes in
human peripheral blood mononuclear cells. The Journal of Immunology. 1994; 153(2):811–816.
PMID: 8021515
93. Wang P, Wu P, Siegel MI, Egan RW, Billah MM. Interleukin (IL)-10 inhibits nuclear factor B (NFB) acti-
vation in human monocytes IL-10 and IL-4 suppress cytokine synthesis by different mechanisms.
Journal of Biological Chemistry. 1995; 270(16):9558–9563. PMID: 7721885
94. Schottelius AJ, Mayo MW, Sartor RB, Baldwin AS. Interleukin-10 signaling blocks inhibitor of κB
kinase activity and nuclear factor κB DNA binding. Journal of Biological Chemistry. 1999; 274
(45):31868–31874. PMID: 10542212
95. Yang KK, Dorner BG, Merkel U, Ryffel B, Schütt C, Golenbock D, et al. Neutrophil influx in response
to a peritoneal infection with Salmonella is delayed in lipopolysaccharide-binding protein or CD14-
deficient mice. The Journal of Immunology. 2002; 169(8):4475–4480. PMID: 12370383
96. Shi C, Pamer EG. Monocyte recruitment during infection and inflammation. Nature Reviews Immunol-
ogy. 2011; 11(11):762–774. doi: 10.1038/nri3070 PMID: 21984070
97. Schenkel AR, Mamdouh Z, Muller WA. Locomotion of monocytes on endothelium is a critical step dur-
ing extravasation. Nature Immunology. 2004; 5(4):393–400. PMID: 15021878
98. Otto SP, Day T. A biologist's guide to mathematical modeling in ecology and evolution. 1st ed.
Princeton: Princeton University Press; 2007.
99. Steinfeld JI, Francisco JS, HaseWL. Chemical kinetics and dynamics. 2nd ed. New Jersey: Pearson
Education; 1998.
100. Lacy P, Stow JL. Cytokine release from innate immune cells: association with diverse membrane traf-
ficking pathways. Blood. 2011; 118(1):9–18. doi: 10.1182/blood-2010-08-265892 PMID: 21562044
101. Stanley AC, Lacy P. Pathways for cytokine secretion. Physiology. 2010; 25(4):218–229. doi: 10.1152/
physiol.00017.2010 PMID: 20699468
102. Nelson DL, Cox MM. Lehninger principles of biochemistry. 5th ed. New York: W.H. Freeman and
Company; 2008.
103. Tan JC, Indelicato SR, Narula SK, Zavodny PJ, Chou C. Characterization of interleukin-10 receptors
on human and mouse cells. Journal of Biological Chemistry. 1993; 268(28):21053–21059. PMID:
8407942
104. Bharadwaj D, Stein MP, Volzer M, Mold C, Du Clos TW. The major receptor for C-reactive protein on
leukocytes is Fcγ receptor II. The Journal of Experimental Medicine. 1999; 190(4):585–590. PMID:
10449529
105. Leist M, Gantner F, Jilg S, Wendel A. Activation of the 55 kDa TNF receptor is necessary and suffi-
cient for TNF-induced liver failure, hepatocyte apoptosis, and nitrite release. The Journal of Immunol-
ogy. 1995; 154(3):1307–1316. PMID: 7822799
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 36 / 39
106. Brinkmann V, Zychlinsky A. Neutrophil extracellular traps: is immunity the second function of chroma-
tin? The Journal of Cell Biology. 2012; 198(5):773–783. doi: 10.1083/jcb.201203170 PMID:
22945932
107. Weinrauch Y, Drujan D, Shapiro SD, Weiss J, Zychlinsky A. Neutrophil elastase targets virulence fac-
tors of enterobacteria. Nature. 2002; 417(6884):91–94. PMID: 12018205
108. R. 3.1.2. https://cran.r-project.org/bin/windows/base/old/3.1.2/.
109. Sheppard M, Webb C, Heath F, Mallows V, Emilianus R, Maskell D, et al. Dynamics of bacterial
growth and distribution within the liver during Salmonella infection. Cellular Microbiology. 2003; 5
(9):593–600. PMID: 12925129
110. Waterer G, Rello J. Why should we measure bacterial load when treating community-acquired pneu-
monia? Current Opinion in Infectious Diseases. 2011; 24(2):137–141. doi: 10.1097/QCO.
0b013e328343b70d PMID: 21301334
111. Khan SA, Strijbos PJLM, Everest P, Moss D, Stratford R, Mastroeni P, et al. Early responses to Sal-
monella typhimurium infection in mice occur at focal lesions in infected organs. Microbial Pathogene-
sis. 2001; 30(1):29–38. PMID: 11162183
112. Wang H, BloomO, Zhang M, Vishnubhakat JM, Ombrellino M, Che J, et al. HMG-1 as a late mediator
of endotoxin lethality in mice. Science. 1999; 285(5425):248–251. PMID: 10398600
113. Yang H, Ochani M, Li J, Qiang X, Tanovic M, Harris HE, et al. Reversing established sepsis with
antagonists of endogenous high-mobility group box 1. Proceedings of the National Academy of Sci-
ences. 2004; 101(1):296–301.
114. Czura CJ, Yang H, Tracey KJ. High mobility group box-1 as a therapeutic target downstream of tumor
necrosis factor. Journal of Infectious Diseases. 2003; 187(Suppl 2):S391–S396. PMID: 12792856
115. Shi C, Velázquez P, Hohl TM, Leiner I, Dustin ML, Pamer EG. Monocyte trafficking to hepatic sites of
bacterial infection is chemokine independent and directed by focal intercellular adhesion molecule-1
expression. The Journal of Immunology. 2010; 184(11):6266–6274. doi: 10.4049/jimmunol.0904160
PMID: 20435926
116. Gregory SH, Sagnimeni AJ, Wing EJ. Bacteria in the bloodstream are trapped in the liver and killed by
immigrating neutrophils. The Journal of Immunology. 1996; 157(6):2514–2520. PMID: 8805652
117. Lau DC, Dhillon B, Yan H, Szmitko PE, Verma S. Adipokines: molecular links between obesity and
atheroslcerosis. American Journal of Physiology-Heart and Circulatory Physiology. 2005; 288(5):
H2031–H2041. PMID: 15653761
118. Póvoa P. C-reactive protein: a valuable marker of sepsis. Intensive Care Medicine. 2002; 28(3):235–
243. PMID: 11904651
119. Ganta RR, Cheng C, Miller EC, McGuire BL, Peddireddi L, Sirigireddy KR, et al. Differential clearance
and immune responses to tick cell-derived versus macrophage culture-derived Ehrlichia chaffeensis
in mice. Infection and Immunity. 2007; 75(1):135–145. PMID: 17060466
120. Xu CS, Jiang Y, Zhang LX, Chang CF, Wang GP, Shi RJ, et al. The role of kupffer cells in rat liver
regeneration revealed by cell‐specific microarray analysis. Journal of Cellular Biochemistry. 2012;
113(1):229–237. doi: 10.1002/jcb.23348 PMID: 21898544
121. Theodorakopoulou M, Skabas N, Lignos M, Kandili A, Ioannidou S, Kavadia E, et al. C-reactive pro-
tein as a marker of septic shock and outcome in the intensive care unit. Critical Care. 2005; 9(Suppl
1):P174. doi: 10.1186/cc3237
122. Walley KR, Lukacs NW, Standiford TJ, Strieter RM, Kunkel SL. Balance of inflammatory cytokines
related to severity and mortality of murine sepsis. Infection and Immunity. 1996; 64(11):4733–4738.
PMID: 8890233
123. O'brien A, Rosenstreich DL, Scher I, Campbell G, MacDermott R, Formal S. Genetic control of sus-
ceptibility to Salmonella typhimurium in mice: role of the LPS gene. The Journal of Immunology. 1980;
124(1):20–24. PMID: 6985638
124. Vidal S, Tremblay ML, Govoni G, Gauthier S, Sebastiani G, Malo D, et al. The Ity/Lsh/Bcg locus: natu-
ral resistance to infection with intracellular parasites is abrogated by disruption of the Nramp1 gene.
The Journal of Experimental Medicine. 1995; 182(3):655–666. PMID: 7650477
125. O'brien A, Metcalf E. Control of early Salmonella typhimurium growth in innately Salmonella-resistant
mice does not require functional T lymphocytes. Journal of Immunology. 1982; 129(4):1349–1351.
126. Nauciel C, Ronco E, Guenet J, Pla M. Role of H-2 and non-H-2 genes in control of bacterial clearance
from the spleen in Salmonella typhimurium-infected mice. Infection and Immunity. 1988; 56(9):2407–
2411. PMID: 3044998
127. Sundén-Cullberg J, Norrby-Teglund A, Rouhiainen A, Rauvala H, Herman G, Tracey KJ, et al. Persis-
tent elevation of high mobility group box-1 protein (HMGB1) in patients with severe sepsis and septic
shock*. Critical Care Medicine. 2005; 33(3):564–573. PMID: 15753748
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 37 / 39
128. Angus DC, Yang L, Kong L, Kellum JA, Delude RL, Tracey KJ, et al. Circulating high-mobility group
box 1 (HMGB1) concentrations are elevated in both uncomplicated pneumonia and pneumonia with
severe sepsis*. Critical Care Medicine. 2007; 35(4):1061–1067. PMID: 17334246
129. Goswami B, Rajappa M, Mallika V, Shukla DK, Kumar S. TNF-α/IL-10 ratio and C-reactive protein as
markers of the inflammatory response in CAD-prone North Indian patients with acute myocardial
infarction. Clinica Chimica Acta. 2009; 408(1):14–18.
130. Dimopoulou I, Armaganidis A, Douka E, Mavrou I, Augustatou C, Kopterides P, et al. Tumour necrosis
factor-alpha (TNFα) and interleukin-10 are crucial mediators in post-operative systemic inflammatory
response and determine the occurrence of complications after major abdominal surgery. Cytokine.
2007; 37(1):55–61. PMID: 17428673
131. Syrjälä H, Surcel HM, Ilonen J. Low CD4/CD8 T lymphocyte ratio in acute myocardial infarction. Clini-
cal & Experimental Immunology. 1991; 83(2):326–328.
132. Xia XJ, Liu BC, Su JS, Pei H, Chen H, Li L, et al. Preoperative CD4 count or CD4/CD8 ratio as a useful
indicator for postoperative sepsis in HIV-infected patients undergoing abdominal operations. Journal
of Surgical Research. 2012; 174(1):e25–e30. doi: 10.1016/j.jss.2011.10.006 PMID: 22225978
133. Benoit M, Desnues B, Mege JL. Macrophage polarization in bacterial infections. The Journal of Immu-
nology. 2008; 181(6):3733–3739. PMID: 18768823
134. Daniels R. Surviving the first hours in sepsis: getting the basics right (an intensivist's perspective).
Journal of Antimicrobial Chemotherapy. 2011; 66(suppl 2):ii11–ii23. doi: 10.1093/jac/dkq515 PMID:
21398303
135. Ferrer R, Martin-Loeches I, Phillips G, Osborn TM, Townsend S, Dellinger RP, et al. Empiric antibiotic
treatment reduces mortality in severe sepsis and septic shock from the first hour: results from a guide-
line-based performance improvement program*. Critical Care Medicine. 2014; 42(8):1749–1755. doi:
10.1097/CCM.0000000000000330 PMID: 24717459
136. Abraham E, Anzueto A, Gutierrez G, Tessler S, San Pedro G, Wunderink R, et al. Double-blind rando-
mised controlled trial of monoclonal antibody to human tumour necrosis factor in treatment of septic
shock. The Lancet. 1998; 351(9107):929–933.
137. Reinhart K, Karzai W. Anti-tumor necrosis factor therapy in sepsis: update on clinical trials and les-
sons learned. Critical Care Medicine. 2001; 29(7):S121–S125. PMID: 11445746
138. van Schaik SM, Abbas AK. Role of T cells in a murine model of Escherichia coli sepsis. European
Journal of Immunology. 2007; 37(11):3101–3110. PMID: 17948264
139. Gallin JI, Goldstein IM, Snyderman R. Inflammation: basic principles and clinical correlates. 2nd ed.
New York: Raven Press; 1992.
140. Souwer Y, Griekspoor A, Jorritsma T, deWit J, Janssen H, Neefjes J, et al. B cell receptor-mediated
internalization of salmonella: a novel pathway for autonomous B cell activation and antibody produc-
tion. The Journal of Immunology. 2009; 182(12):7473–7481. doi: 10.4049/jimmunol.0802831 PMID:
19494270
141. Chung KH, Hwang HS, Lee KY. Kinetics of Salmonella typhimurium binding with antibody by immuno-
assays using a surface plasmon resonance biosensor. Journal of Industrial and Engineering Chemis-
try. 2010; 16(1):115–118.
142. Gibot S, Massin F, Cravoisy A, Barraud D, Nace L, Levy B, et al. High-mobility group box 1 protein
plasma concentrations during septic shock. Intensive Care Medicine. 2007; 33(8):1347–1353. PMID:
17525840
143. Abraham E, Wunderink R, Silverman H, Perl TM, Nasraway S, Levy H, et al. Efficacy and safety of
monoclonal antibody to human tumor necrosis factor α in patients with sepsis syndrome: a random-
ized, controlled, double-blind, multicenter clinical trial. Jama. 1995; 273(12):934–941. PMID: 7884952
144. Cohen J, Carlet J. INTERSEPT: an international, multicenter, placebo-controlled trial of monoclonal
antibody to human tumor necrosis factor-alpha in patients with sepsis. Critical Care Medicine. 1996;
24(9):1431–1440. PMID: 8797612
145. Glauser MP. Pathophysiologic basis of sepsis: considerations for future strategies of intervention.
Critical Care Medicine. 2000; 28(9):S4–S8. PMID: 11007189
146. Hotchkiss RS, Karl IE. The pathophysiology and treatment of sepsis. New England Journal of Medi-
cine. 2003; 348(2):138–150. PMID: 12519925
147. Ulloa L, Brunner M, Ramos L, Deitch EA. Scientific and clinical challenges in sepsis. Current pharma-
ceutical design. 2009; 15(16):1918. PMID: 19519432
148. Keir I, Dickinson AE. The role of antimicrobials in the treatment of sepsis and critical illness‐related
bacterial infections: Examination of the evidence. Journal of Veterinary Emergency and Critical Care.
2015; 25(1):55–62. doi: 10.1111/vec.12272 PMID: 25559992
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 38 / 39
149. Vincent JL, Sun Q, Dubois MJ. Clinical trials of immunomodulatory therapies in severe sepsis and
septic shock. Clinical Infectious Diseases. 2002; 34(8):1084–1093. PMID: 11914997
150. Schlatter R, Schmich K, Lutz A, Trefzger J, Sawodny O, Ederer M, et al. Modeling the TNFα-induced
apoptosis pathway in hepatocytes. PloS One. 2011; 6(4):e18646. doi: 10.1371/journal.pone.0018646
PMID: 21533085
151. Abraham SN, John ALS. Mast cell-orchestrated immunity to pathogens. Nature Reviews Immunology.
2010; 10(6):440–452. doi: 10.1038/nri2782 PMID: 20498670
152. Maurer M, Wedemeyer J, Metz M, Piliponsky AM, Weller K, Chatterjea D, et al. Mast cells promote
homeostasis by limiting endothelin-1-induced toxicity. Nature. 2004; 432(7016):512–516. PMID:
15543132
153. Clair JMS, Pham CT, Villalta SA, Caughey GH, Wolters PJ. Mast cell dipeptidyl peptidase I mediates
survival from sepsis. Journal of Clinical Investigation. 2004; 113(4):628–634. PMID: 14966572
154. Abraham SN, Malaviya R. Mast cells in infection and immunity. Infection and Immunity. 1997; 65
(9):3501–3508. PMID: 9284112
155. Dietrich N, Rohde M, Geffers R, Kröger A, Hauser H, Weiss S, et al. Mast cells elicit proinflammatory
but not type I interferon responses upon activation of TLRs by bacteria. Proceedings of the National
Academy of Sciences. 2010; 107(19):8748–8753.
156. Saraiva M, O'Garra A. The regulation of IL-10 production by immune cells. Nature Reviews Immunol-
ogy. 2010; 10(3):170–181. doi: 10.1038/nri2711 PMID: 20154735
157. Mosser DM, Zhang X. Measuring opsonic phagocytosis via Fcγ receptors and complement receptors
on macrophages. In: Coico R, eidtors. Current Protocols in Immunology. Hoboken: JohnWiley &
Sons; 2011. pp. 14.27.1–14.27.11. doi: 10.1002/0471142735.im1427s95
158. Liu X, Lu L, Yang Z, Palaniyandi S, Zeng R, Gao LY, et al. The neonatal FcR-mediated presentation
of immune-complexed antigen is associated with endosomal and phagosomal pH and antigen stability
in macrophages and dendritic cells. The Journal of Immunology. 2011; 186(8):4674–4786. doi: 10.
4049/jimmunol.1003584 PMID: 21402891
159. Wang L, Bastarache JA, Ware LB. The coagulation cascade in sepsis. Current Pharmaceutical
Design. 2008; 14(19):1860–1869. PMID: 18691097
160. Morris C. Activated protein C in the treatment of sepsis. Anaesthesia. 2002; 57(5):501–521.
Agent-Based Model of a Hepatic Inflammatory Response to Salmonella
PLOSONE | DOI:10.1371/journal.pone.0161131 August 24, 2016 39 / 39
